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By 

Jinook  Jeong 

August  1990  ' 

Chairman:     Dr.  G.S.  Maddala 
Major  Department:  Economics 

The  present  thesis  consists  of  three  essays,  one  theoretical  and  two 
empirical.  The  first  essay  deals  with  the  optimality  of  biased 
forecasting.  Previous  literature  showed  that  biased  forecasting  will  be 
optimal  if  the  economic  agent's  loss  function  is  asymmetric  or  if  the 
economic  agent  does  not  have  full  information  on  the  economy.  The  first 
essay  derives  some  general  conditions  under  which  biased  forecasts  would 
be  optimal  even  with  symmetric  loss  functions  and  when  the  economic  agent 
has  full  information. 

The  second  essay  deals  with  the  empirical  evidence  on  the 
rationality  of  survey  forecasts.  It  is  often  argued  that  the  evidence  on 
the  biasedness  of  forecasts  found  in  survey  data  is  not  reliable  since  the 
forecasts  in  survey  data  are  error  ridden.  The  tests  for  rationality 
commonly  applied  are  not  valid  if  there  are  errors  in  measurement.  This 
essay  develops  a  latent  variables  model  in  which  multiple  forecasts  of  the 

vii 


same  variable  are  used  to  derive  tests  for  rationality  that  are  free  from 
the  errors  in  variables  bias. 

The  third  essay  utilizes  the  information  on  the  forecasts  of  the 
target  variable  implied  by  the  future  prices.  These  forecasts  are  also 
error-ridden,  like  the  survey  forecasts.  The  rationality  of  both  the 
survey  forecasts  and  forecasts  generated  by  the  future  prices  is 
simultaneously  tested  using  the  framework  developed  in  the  second  essay. 

This  thesis  uses  several  data  sets  on  expectations  on  interest 
rates,  stock  price  index,  and  foreign  exchange  rates  based  on  the 
Livingston  surveys,  the  ASA-NBER  surveys,  the  Money  Market  Services 
surveys,  and  data  from  futures  markets  and  forward  markets.  Empirical 
results  from  these  data  sets  generally  reject  the  hypothesis  of  rational 
expectations.  It  is  found  that  the  presence  of  measurement  errors  may 
mislead  inference  on  the  rationality  hypothesis. 
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CHAPTER  1 
INTRODUCTION 

Economic  agents'  expectations  about  future  economic  variables  take 
an  important  role  in  explaining  a  variety  of  phenomena.  However,  since 
they  are  usually  unobservable ,  economists  have  been  compelled  to  make  some 
arbitrary  assumptions  about  the  relationship  between  the  unobservable 
expectations  of  agents  and  the  actual  observations  of  the  target  variable. 
One  such  assumptions  is  the  'rational  expectations'  hypothesis  originally 
proposed  by  Muth  (1961).  Although  he  defines  the  'rational'  expectations 
as  the  predictions  of  the  relevant  economic  theory,'  this  hypothesis  can 
be  rephrased  as  follows:  for  the  same  information  set,  the  economic 
agents'  expectations  tend  to  be  distributed  about  the  prediction  of  the 
'true' --or  the  ' obj ective ' - -probabil ity  distributions  of  outcomes."  This 
implies  that  a  'rational'  forecast  equals  the  mathematical  expectation  of 
the  target  variable  conditioned  on  the  relevant  subset  of  the  available 
information.  Formally, 

Pi  =  E(A,    I  I,.,) 


Due    to    this,    the    terminology    'rational'    is   not   precise.  Rather, 
'theory-consistent'   or  ' model -consistent '   is  more  appropriate. 

Muth  (1961)  p. 316. 
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where    P,    is    a    prediction.    A,    is    the    target    variable,    and  is  the 

information  set  at  time  (t-1). 

The  rational  expectations  hypothesis  was  widely  accepted  in  the 
1970s  without  sufficient  validation  since  it  makes  the  econometric 
estimation  including  future  expectations  very  easy.'^  Recently,  however, 
serious  questions  about  the  rational  expectations  hypothesis  have  been 
presented  both  theoretically  and  empirically.  Ashley  and  McTaggart 
(1988),  Stegman  (1985),  and  Zellner  (1986)  have  theoretically  shown  that 
economic  agents'  optimal  expectations  may  not  be  'rational'  in  some 
special  cases/  Lovell  (1986)  and  Zarnowitz  (1985)  have  summarized  the 
cumulative  empirical  evidence  rejecting  the  rationality  hypothesis  using 
survey  data  on  expectations. 

Despite  these  criticisms,  the  validity  of  the  rational  expectations 
hypothesis  is  still  an  open  question  since  the  theoretical  criticisms  are 
limited  to  some  examples  and  the  empirical  evidence  has  questions  about 
its    reliability.^       The    purpose    of    this    study    is    to    investigate  the 


For  example,   suppose  the  following  model. 

^\ 

m,  =       +  aj  TT,    +  U[ 

TT,  =  bo  +  b]  X,  +  V|  ■  . 

where  m,  is  demand  for  mone^,  tt,  is  the  actual  inflation  rate,  X,  is  some 
relevant  variable,  and  tt,  is  the  expected  inflation  rate  which  is 
unobservable .  If  the  rational  expectation  hypothesis  is  valid,  one  can 
easily  substitute  the  unobservable  tt,*  with  E(7r|)  =  bo  +  b|  X, . 

Note  again  that  'rational'  means  'unbiased  and  efficient'  in  this 
paper  just  as  Muth  defined,  in  spite  of  the  fact  that  it  generally  means 
'economically  reasonable'    in  economics. 

^  The  problems  in  the  existing  criticisms  will  be  discussed  in  section 
2.1  and  section  4.1. 
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theoretical  and  empirical  validity  of  the  rational  expectations 
hypothesis.  The  first  essay  develops  a  general  expected  utility 
maximization  framework  to  elicit  the  conditions  under  which  the  economic 
agents'  expectations  are  'rational.'  The  second  essay  suggests  a  latent 
variables  model  in  which  multiple  forecasts  of  the  same  target  variable 
are  used  to  derive  tests  for  rationality.  This  method  is  free  from  the 
errors  in  variables  bias  which  is  a  major  drawback  in  the  conventional 
tests.  The  third  essay  utilizes  future  prices  as  well  as  survey  forecasts 
as  multiple  indicators  to  test  the  rationality  hypothesis  using  the 
framework  developed  in  the  second  essay.  Several  data  sets  on 
expectations  of  inflation,  interest  rates,  and  exchange  rates  such  as  the 
Livingston  surveys,  the  ASA-NBER  surveys,  the  Goidsmith-Nagan  surveys,  and 
data  from  futures  markets  are  used  in  testing  the  hypothesis  of  the 
rational  expectations. 


CHAPTER  2 


OPTIMAL  EXPECTATIONS 

In  this  chapter,  previous  studies  theoretically  criticizing  the 
validity  of  the  rational  expectation  hypothesis  are  reviewed.  Economic 
agents'  optimal  forecasts  are  derived  from  an  expected  utility 
maximization  framework.  Then,  conditions  under  which  the  optimal  forecast 
is   'rational'   are  presented. 

2.1.     Review  of  the  Literature 

The  rational  expectations  hypothesis  implies  that  a  forecast  equals 
the  mathematical  expectation  of  the  corresponding  target  variable 
conditioned  on  the  relevant  subset  of  the  available  information.' 
Formally , 

P.  =  E(A,    I  I,.]) 

where  P,  is  a  prediction,  A,  is  the  target  variable,  and  I,.,  is  the 
information  set  at  time  (t-1). 


Zarnowitz   (1985)  p. 294. 

4 


A  serious  question  about  the  validity  of  the  rationality  hypothesis 
concerns  the  unbiasedness  of  forecasts.  Cumulative  empirical  studies 
performing  direct  tests  of  rationality  using  survey  data  do  not  show 
unbiasedness  of  agents'  forecasts.  Zarnowitz's  review  (1985)  concludes 
that  the  hypothesis  of  unbiasedness  is  not  generally  accepted  in  survey 
data.  Lovell  (1986)  also  presents  much  evidence  supporting  this 
conclusion. 

Several  explanations  have  been  given  to  show  why  forecasts  are 
generally  biased.  First,  Stegman  (1985)  claims  that  biased  forecasting 
will  be  optimal  when  error  costs  are  asymmetric.  His  intuition  is  that 
if  the  costs  of  the  forecasting  errors  are  bigger  when  an  economic  agent 
underestimates  than  when  he  overestimates,  his  optimal  prediction  will  be 
lower  than  the  unbiased  predictor.  Zellner  (1986)  provides  an  explicit 
example  in  which  a  biased  predictor  is  optimal  with  an  asymmetric  loss 
function.  Stockman  (1987)  provides  some  justification  for  the  use  of  an 
asjrmmetric  loss  function  by  showing  that  the  proper  loss  function  for  the 
exchange  rate  forecasts  will  be,  in  general,  asymmetric.  For  example,  a 
symmetric  criterion  like  a  mean  square  error  may  be  suboptimal  in  economic 
agents'  decision  making  process.  Leonard  (1982)  finds  a  downward  bias  in 
firms'  wage  forecasts  from  Endicott  survey.  He  argues  chat  firms'  optimal 
behavior  in  wage  forecasts  will  be  biased  downward  since  it  is  less  costly 
to  raise  wages  initially  set  too  low  than  to  lower  wages  set  too  high. 

Second,  Stegman  (1985)  also  notes  that  the  optimal  forecasts  will 
be  biased  even  when  the  loss  function  is  symmetric  if  economic  agents' 
prior  knowledge  imposes  restrictions  on  the  possible  values  of  the  target 
variable . 
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Third,  Cukierman  (1986)  points  out  that  optimal  predictions  will  be 
biased  when  the  economy  has  been  affected  by  a  permanent  shock.  In  the 
presence  of  a  permanent  shock,  it  will  be  optimal  for  an  economic  agent 
not  to  adjust  his  expectation  immediately  since  he  is  unable  to 
distinguish  whether  the  shock  is  permanent  or  transitory.'^  Lewis  (1989) 
illustrates  a  rational  slow- learning  model  and  demonstrates  that  the  tight 
money  market  policy  during  the  early  1980s  has  made  the  forecasters 
systematically  underpredict  the  strength  of  U.S.  dollar  for  several 
years . 

Fourth,  Ashley  and  McTaggart  (1988)  present  two  bond  market  • 
examples,  one  with  an  exponential  utility  function  and  the  other  with  a 
quadratic  utility  function.  They  show  that  optimal  predictions  will  be 
downward-biased  if  agents  do  not  have  full  information  about  the 
parameters  of  the  economy.  Although  their  results  depend  on  the  specific 
forms  of  the  utility  functions  and  some  restrictive  assumptions,  their 
expected  utility  maximization  framework  is  more  plausible,  from  • 
microeconomic  standpoint,  than  any  other  previous  approaches  using 
arbitrary  criteria  like  loss  functions.  .  '       '  ^  ' 

The  purpose  of  this  chapter  is  to  provide  a  general  decision-making 
model  for  an  economic  agent  to  make  optimal  predictions  and  to  show  that 
some  stricter  conditions,  in  addition  to  those  listed  above,  are  necessary 
for  the  optimal  expectation  to  be  'rational,'  that  is,  unbiased.  In  other 
words,  biased  forecasts  may  be  optimal  even  with  symmetric  loss  functions 


He  calls  this  the  '  permanent- transitory  confusion.'  See  Cukierman 
(1986)  p. 324 


and  when  the  economic  agent  has  full  information.^ 


2.2.  Model 

Suppose  that  an  economic  agent  has  initial  wealth,  Wo,  and  makes  a 
prediction  P(  on  a  target  variable  A,  to  increase  his  wealth  in  time  t, 
W| .  For  example,  a  stock  market  investor's  wealth  may  be  increased  or 
decreased  depending  on  how  accurate  his  forecasts  on  next  period's  stock 
prices  are.  Formally,  W,  =  W,  ( E,  |  W,))  where  E,  =  P,  -  A,  is  a  forecasting 
error.  We  assume  that  forecasting  error  reduces  final  wealth  regardless 
of  whether  he  overestimates  or  underestimates.  So,  W'saWi/aE,  <  0  when  Et 
>  0  and  W'   >  0  when  E,  <  0 . 

At  period  t,   he  obtains  utility  from  his  final  wealth. 

U,  =  U,(W,) 

We  assume  U'sau,/aw,>0  for  all  W, . 

From  his  point  of  view,  the  target  variable  A,  is  an  observation 
from  the  distribution 

A,  -  N(^,a-) 


Note  that  the  slow- learning  problem  which  Cukierman  (1986)  and  Lewis 
(1989)  point  out  still  remains  in  this  model.  The  rational  learning 
process  is  not  discussed  in  this  paper. 
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where  n  and       are  assumed  to  be  known  by  the  economic  agent. 

His    optimization    problem    is    to    make    an    optimal    prediction  P,' 
maximizing  the  expected  utility,  i.e. 


Max.     E[U,IW,(P,-A,)  )  ] 
where  E[U,]=       U,  f(A,)   dA,  and  f(A,)   is  the  normal  density  function. 

J  -to 

The  first  order  condition  for  P|'  is,^ 


U'|W(P*-A)1  W'(P*-A)   f(A)   dA  =  0  (2.1) 

J  CO 


And  the  second  order  condition  is 


r   [  U"   (W')2  +  U'  W"   ]   f(A)  dA  <  0  when  P=P*  (2.2) 

J  -co 


where  U"=a"U/aW',   W'^a^W/SE'^ . 

To  solve  the  equation  (2.1)  for  P,' ,  we  need  explicit  functional 
forms  of  U  and  W.  Ashley  and  McTaggart  (1988)  provide  two  examples- -an 
exponential  and  a  quadratic  utility  function  combined  with  a  specific  form 
of  W   to   show   that   optimal   predictions    are   downward-biased.      Since  the 


In  Ashley  and  McTaggart  (1988)  i^i  is  assumed  unknown  and  this 
assumption  is  essential  to  conclude  that  a  biased  prediction  is  optimal. 
If  /i  is  known  in  their  model,  an  unbiased  prediction  will  be  optimal  and 
their  conclusion  is  no  longer  valid. 

^  We  suppress  the  period  indicator  t  for  convenience. 


^  Note  that  aw/aE=aw/aP  and  3 Vi9E-=a-W/5P'^  since  aE/aP=l 


optimal  forecasts  depend  crucially  upon  the  forms  of  these  functions,  it 
is  worthwhile  to  check  the  sensitivity  of  the  results  to  different 
functional  forms. 


2.3.     Examples  j  - 

Let  us  first  assume  that  .      ■  il .-  - 

W  =  W„  -  c(P-A)2  (2.3) 
U  =  kW  (2.4) 

where  c>0  and  k>0  to  satisfy  the  assumptions  on  W   and  U' . 

Substituting     (2.3)     and     (2.4)     into     (2.1)     and     completing  the 
integrals,   the  first  order  condition  is 

-2ckP  +  2ck;u  =  0  (2.5) 


Thus , 


P    =  M  (2.6) 


which  implies  that  the  optimal  prediction  is  the  mathematical  expectation 
of  the  target  variable.      In  other  words,    this   type  of  utility  function 
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supports  the  optimality  of  unbiased  forecasts.^ 
Now,   let  us  assume  that 

W  =  Wo  -  c(P-A)^  (2.7) 
U  =  1  -  exp(-;8W)  (2.8) 

where  ^>0 .  The  wealth  function  is  the  same  as  before  and  the  utility 
function  is  the  one  Ashley  and  McTaggart  use  in  their  model.  Now,  the 
first  order  condition  will  be: 


(/Li"-2/3ca'P)' 

exp   [   -/3(Wo-cP^)   -  - —  +   


(l-2/9ca2)^^  2a^  2a'(  1  -  2/3ca') 

M-2^ca'P 

(  P  -    )     =    0  (2.9) 

l-2/3ca' 


Or,    if  we  assume  P  is  not  unbounded, 


(  P  -    )     =  0 


Or, 


(2.10) 


We    can    easily    see    that    the    second    order    condition    of  this 
maximization  is  satisfied. 
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which  again  shows  that  the  optimal  prediction  should  be  unbiased. 

So  far  we  have  assumed  that  the  final  wealth  function  is  symmetric 
with  respect  to  forecasting  error.  An  asymmetric  final  wealth  function 
makes  an  optimal  prediction  biased,  as  Stegman  (1985)  and  Zellner  (1986) 
have  shown.     To  see  this,   let  the  wealth  function  be 

W  =  Wo  -  c(P-A)  if  P>A  (2.11) 

W  =  Wo  +  d(P-A)  if  P<A 

where  c>0 ,  d>0 .  Note  that  if  c=d ,  then  the  wealth  function  becomes 
symmetric . 

We  assume  the  utility  function  has  a  simple  quadratic  form. 

U  =  kW^  (2.12) 

where  k>0 . 

The  first  order  condition  will  be 


-cWn 


•p 

f(A)dA  +  c' 


V 

(P-A)f (A)dA 


+  dW, 


0 


0  pcO 

f(A)dA  +  d^       (P-A)f(A)dA  =  0  (2.13) 

1  J  p 


Or, 


Note  that  an  unusual  assumption  of  negative  marginal  utility  (U'<0 
when  W  is  negative)  is  employed  in  this  example  for  simplicity.  However, 
the  same  result  is  obtained  with  more  reasonable  utility  functions,  for 
example,   an  exponential  utility  function. 
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g(P)  -  -  cWo  F(P)   +  dWo   [l-F(P)]    -  c2  [  (V-ij) 


$(A) 

+        [    (P-^)-    ]     =     0  (2.14) 

$(A) 

where  A  =  (P-ii)/a. 

We  can  see  that  is  not  a  solution  for  P*  by  substituting  into  P 
in  equation  (2.14).     After  substitution, 

g(/i)  =  -(l/2)cW()  +  (l/2)dWo  +  2c'a^(0)    -   2d^a^(0)  (2.15) 

In  (2.15),  gin)  is  not  equal  to  zero  unless  c  =  d.  So,  P  unless 
c  =  d,  which  implies  that  the  optimal  prediction  will  be  biased  unless  the 
wealth  function  is  symmetric.  This  is  consistent  with  Stegman's  (1985) 
intuition . 

But  asymmetry  of  the  wealth  function  is  not  the  only  reason  for 
biased  prediction.  Even  when  the  wealth  function  is  symmetric  and  the 
economic  agent  fully  knows  the  distribution  of  the  target  variable,  the 
optimal  prediction  may  be  biased.  Let  us  assume  a  symmetric  wealth 
function  and  a  simple  utility  function  with  variable  marginal  utility  of 
final  wealth,   given  by: 

W  =  -  c(P-A)'^  (2.16) 
U  =  aW  if  A,  <  m 

(2.17) 

U  =  bW  if  At  >  m 


13 

where  a>0 ,  b>0  and  c>0 .  We  assume  that  Wo  =  0  for  simplicity.  This 
utility  function  may  be  applicable  if,  for  example,  too  high  level  of 
inflation  rate  reduces  the  marginal  utility  of  final  wealth.  It  should 
be  noted  that  this  utility  function  is  dependent  on  the  realization  of  the 
target  variable. 

The  first  order  condition  for  optimal  prediction  is: 


J- 


g(P)  =  -       2ca(P-A)   f(A)  dA 


2cb(P-A)   f(A)  dA  =  0  (2.18) 

111 


Or, 


g(P)  =  2ac   [    (m-P)  +    ]   +  2bc   [    (m-P)  -   

1-<I>(A')  ^(A') 


(2.19) 


where  A'=  (m-/^)/a.  We  can  easily  see  that  the  solution  of  the  equation 
(2.19),  P  ,  is  not  equal  to  /i  by  substituting  for  P  in  equation  (2.19). 
This  implies  that  the  optimal  prediction  is  not  unbiased  even  when  the 
wealth  function  is  symmetric  and  the  economic  agent  knows  the  distribution 
of  the  target  variable. 

In  this  example,  the  bias  in  the  optimal  expectation  is  caused  by 
the  dependency  of  utility  function  on  the  target  variable.  Generally 
speaking,  however,  the  unbiasedness  of  optimal  prediction  is  not 
guaranteed  by  the  independence  between  utility  function  and  the  target 
variable.      The   failure   of  monotonicity  or   local   non- satiation  may  also 
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cause  a  bias  in  optimal  prediction.  The  general  condition  for  the  optimal 
prediction  to  be  unbiased  will  be  derived  in  the  next  section. 


2.4.     Optimal  Expectations  vs.     Rational  Expectations 


In  the  last  section,  it  was  shown  that  biased  forecasts  may  be 
optimal  even  with  symmetric  loss  functions  and  when  the  economic  agent  has 
full  information.  In  this  section,  a  general  necessary  and  sufficient 
condition  for  optimal  expectations  will  be  considered  and  the 
relationships  between  the  optimal  expectations  and  the  rational 
expectations  will  be  discussed. 

Let  us  rewrite  the  first  order  condition,   equation  (2.1) 


g(P  ) 


U'(W(P  -A))  W'(P  -A)   f(A)   dA  =  0 


(2.20) 


To  see   the  economic   implication  of   this  condition,    we  can  rewrite 
this  as 


pp. 


g(P  )  = 


U' (W(P  -A) )  W (P  -A)f (A)dA 


+   rU'{W(P*-A))  W  (P*-A)f  (A)dA  =  0 
J  l" 


(2.21) 


Or, 


U'{W(P  -A))W'(P  -A)f(A)dA  = 


U'  (W(P  -A)  IW  (P  -A)f  (A)dA  (2.22) 
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The  left-hand  side  of  the  equation  {2.22)  indicates  the  expected  marginal 
utility  loss  of  a  prediction  error  when  the  economic  agent  underpredicts 
at  P*  while  the  actual  value  is  A.''  The  right-hand  side  also  indicates 
the    expected    marginal    utility    loss    of    a    forecasting    error    when  he 


the  marginal  utility  loss  of  underprediction  should  be  equal  to  the 
marginal  utility  loss  of  overprediction  at  the  optimal  forecasts.  The 
following  proposition  is  immediate. 

Proposition  1.  For  an  expectation  to  be  optimal  in  the  sense  of 
maximizing  expected  utility,  the  expected  marginal  utility  loss  of 
underpredictions  should  be  equal  to  the  expected  marginal  utility  loss  of 
overpredictions . 

Hence,  is  the  optimal  prediction  unbiased,  or  is  it  rational  in 
Muth's  sense?  As  shown  in  the  last  section,  the  optimal  forecast  is  not 
necessarily  the  same  as  the  rational  expectation.  They  will  be  identical 
only  if  .  . .  -■■ 


Assuming  the  perfect  knowledge  about  the  economy  and  a  symmetric  wealth 
function  does  not  guarantee  that  this  condition  holds.  It  critically 
depends    on   the   shape   of   the   utility   function   as   was    seen   in   the  last 


overpredicts   at  P 


•  10 


Thus,    the   implication  of  equation   (2.22)    is  that 


W  (/i-A)   f  (A)   dA  =  0 


(2.23) 


Note  that  p'<A  in  the  left-hand  side. 


Note  that  the  right-hand  side  is  negative  since  W'<0  when 
(/i-A)   is  negative. 
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section.     Thus,   the  following  results  follow  immediately...; 

Proposition  2 .  The  optimal  expectations  are  not  necessarily 
equivalent  to  the  rational  expectations  even  if  the  wealth  function  is 
symmetric  and  the  economic  agent  has  full  information  about  the  economy. 

Proposition  3.  The  optimal  expectations  and  the  rational 
expectations  are  identical  only  if  the  rational  (or  unbiased)  predictions 
equate  the  expected  marginal  utility  losses  of  underprediction  and 
overprediction . 

The  next  question  should  be  "If  the  optimal  prediction  is  biased, 
does  it  tend  to  be  downward-biased?"  Leonard  (1982)  observes  a  downward 
bias  in  wage  forecasts.  Zarnowitz's  review  (1985)  also  reports  the 
tendency  of  systematic  downward  biases  in  the  optimal  forecasts.  Although 
this  question  will  be  examined  in  the  next  two  chapters,  the  relationship 
between  the  form  of  utility  functions  and  the  direction  of  the  forecasting 
bias  can  be  explored  here. 

To  see  the  possible  directions  of  the  bias,  we  need  to  see  3g/9P. 
From  the  equation  (2.20), 

.  3g  p« 

  [  U'W"  +  U"(W')^  ]   f(A)  dA  (2.24) 

ap 

For  simplicity,  we  assume  that  the  marginal  wealth  loss  is 
decreasing  i.e.,  W"<0  VP,  V  A  and  that  the  economic  agent  is  risk- 
averse,  i.e.  U"<0  V  W.  A  negative  W"  implies  that  the  effect  of  a 
forecasting    error    on    the    final    wealth    (i.e.     the    slope    of    the  wealth 
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function)  is  decreasing  as  the  error  gets  larger  and  U"<0  implies  that  the 
utility  function  is  concave.  With  these  assumptions  and  the  equation 
(2.24), 

3g 

  <  0  VP  (2.25) 

3P 

With  (2.25),  the  relationship  between  the  properties  of  g(P)  and  the 
direction  of  the  forecasting  biases  can  be  seen  in  Figure  1. 


g(P) 


Figure  1 

In  Figure  1,    the  optimal  forecast  P*   is  downward  -  biased  since  g(/x) 
is    negative.       If   g(/i)    is    positive    in    the    above    diagram,    the  optimal 
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prediction  will  be  upward-biased.  Of  course,  the  optimal  forecast  will 
be  unbiased  if  g(/i)  is  equal  to  zero.  And  since  g(P)  is  a  monotonic 
decreasing  function,   the  reverse  is  also  true. 

Hence,  what  does  the  sign  of  g(M)  imply?    Using  (2.20),  g(/i)  can  be 
expressed  as 

g(/i)  -   rU'{W(M-A))  W'(^-A)   f(A)   dA  =  E(U'W')|^  (2.26) 


which  implies  that  g(i^)  is  the  expectation  of  the  product  of  U'  and  W 
evaluated  at  fj,.  Thus,  if  the  utility  function  and  the  wealth  function 
have  the  property  E(U'W')|^^  <0 ,  then  the  optimal  forecast  will  be  downward 
biased  and  vice  versa.  Also,  if  E(U'W')|^  >0 ,  the  optimal  prediction  will 
be  upward  biased. 

Propos ition  A .  Given  decreasing  marginal  wealth  loss  and  decreasing 
marginal  utility,  the  optimal  prediction  is  downward -biased  if  and  only 
if  E(U'W' ) 1^  <0. 

However,  we  do  not  have  prior  information  on  the  sign  of  E(U'W')|^ 
although  the  assumption  of  risk  aversion  (U"<0)  is  consistent  with 
evidence  from  finance^'  and  W"<0  is  reasonable.  An  empirical  analysis  on 
the  relationship  between  the  optimal  prediction  P*  and  the  rational 
expectation  n  can  give  us  a  better  view  of  this  problem. 


For  example,   see  Friend  and  Blume  (1975) 


CHAPTER  3 


TRADITIONAL  TESTS  FOR  RATIONALITY 

In  the  last  chapter,  it  was  shown  that  a  rational  economic  agent's 
optimal  expectation  may  be  biased  away  from  the  'rational'  expectation 
which  is  defined  as  the  mathematical  expectation  of  the  target  variable. 
Naturally,  the  next  step  should  be  an  empirical  test  of  the  existence  of 
the  optimal  forecasting  bias.  The  questions  will  be  "Are  the  optimal 
expectations  really  biased  from  rational  expectation?"  and  "If  so,  how  big 
is  the  bias?"  These  questions  cannot  be  answered  by  theory  alone  but 
require  empirical  estimation.  The  condition  for  the  rationality  derived 
in  the  last  chapter  need  to  be  empirically  tested  to  see  whether  it  is 
violated  or  not.  Fortunately,  we  have  some  good  data  sets  on  optimal 
expectations.  Under  the  assumption  that  economic  agents  forecast  to 
maximize  their  expected  utilities,  several  survey  data  sets  such  as  ASA- 
NBER,  Blue  Chips,  and  Livingston  as  well  as  futures  market  data  give  us 
observations     on     optimal     expectations.'  However,      the  rational 

expectations -- the  mathematical  expectations- -are  not  observable,  but  are 
latent  variables.  Thus  we  have  to  develop  a  particular  method  to  test  on 
the  relationship  between  optimal  expectations  and  rational  expectations. 


Of  course,  survey  data  may  not  be  ideal  measures  of  optimal 
expectations  because  the  respondents  would  not  do  their  best  to  find 
optimal  expectations.   This  point  will  be  discussed  later. 
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To  date,  various  tests  on  the  biases  in  optimal  expectations  have 
been  suggested.  They  are  called  tests  for  rationality.  But,  they  are  not 
free  of  shortcomings.  In  this  chapter,  after  describing  the  data  sets 
used  in  this  study,  the  traditional  tests  for  rationality  are  reviewed  and 
estimated  for  comparison  with  the  new  test  which  will  be  proposed  in  the 
next  chapter. 

3.1.     Data  and  Variable  Descriptions  '  '  ■  ' 

3.1.1.   Interest  Rates 

Among  various  measures  of  interest  rates,  the  90-day  U.S.  Treasury 
Bill  rate  is  used  to  test  the  rationality  in  forecasts.  Because  two 
independent  prediction  series  are  necessary  for  the  new  rationality  test 
which  will  be  suggested  in  the  next  chapter,  two  different  observations 
on  90-day  U.S.  T-Bill  rate  are  collected  and  combined  with  the  actual  T- 
Bill  rate.  The  ASA-NBER  survey  forecasts  on  the  90-day  T-Bill  rate  are 
used  as  the  first  prediction  (Ft),  and  the  futures  market  prices  of  the  T- 
Bill  from  Chicago  Mercantile  Exchange  are  used  as  the  second  forecast  (Q,)  . 
The  ASA-NBER  survey  contains  20-100  professional  forecasters'  projections 
for  various  economic  variables  over  the  next  several  quarters.  The  90- 
day  T-Bill  rate  has  been  collected  by  this  quarterly  survey  since  the 
third  quarter  of  1981.  One-quarter  ahead,  two-quarter  ahead,  and  four- 
quarter  ahead  forecasts  are  matched  with  the  corresponding  futures  market 
prices  and  the  actual  Treasury  Bill  rates  to  make  three  data  sets  to  be 


■J 

used  in  this  study.  The  final  pooled  data  sets  include  659,  634,  592 
observations  over  31  quarters  (Sep.  1981  -  Mar.  1989),  respectively.  Some 
descriptive  statistics  are  summarized  in  Table  1. 

3.1.2.   Stock  Price  Index 

The  Standard  and  Poor  500  Index  is  used  to  test  the  rationality  of 
the  stock  market  predictions.  The  Livingston  survey  collects  economists' 
six-month  ahead,  twelve-month  ahead,  and  eighteen-month  ahead  predictions 
on  S6cP  Index  along  with  many  other  national  economic  variables.  The 
survey  is  published  twice  a  year,  June  and  December  and  usually  contains 
50-60  individual  responses.  These  Livingston  survey  forecasts  (six-month 
ahead  and  twelve-month  ahead)   are  used  as  the  first  indicator  (Pi). 

The  S&P  Index  has  been  traded  in  the  Chicago  Mercantile  Exchange 
futures  market  since  1982.  The  futures  market  settlement  prices  of  the 
S6tP  500  Index  are  used  as  the  second  indicator  (Qj)  .  These  indicators  are 
matched  with  the  actual  S&P  500  indices.  The  final  pooled  data  sets 
contain  460  and  356  observations,  respectively.  Some  descriptive 
statistics  are  shown  in  Table  2. 


While  the  futures  market  expectations  can  be  exactly  matched  with 
the  actual  rates,  it  is  hard  to  decide  how  to  match  the  survey  forecasts 
with  the  futures  market  expectations  and  the  actual  interest  rates  because 
the  ASA-NBER  surveys  do  not  ask  predictions  on  a  particular  date.  In  this 
study,  it  is  assumed  that  the  survey  responses  are  predicting  the  T-Bill 
rates  on  the  first  day  of  each  quarter  (for  example,  March  1)  since  the 
due  dates  of  the  survey  responses  are  roughly  the  beginnings  of  March, 
June,   September  and  December. 

^  A  similar  matching  rule  with  the  T-Bill  rate  is  applied. 
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Table  1 

Descriptive  Statistics:   90-Day  Treasury  Bill 


Variable 


Minimum 


Maximum 


Mean 


Std  Dev 


ASA-NBER  Survey 


1-  Q  ahead 

2-  Q  ahead 
4-Q  ahead 


645 
634 
592 


4.8000000 
4.4000000 
4.4000000 


17 .0000000 
16.4000000 
18.0000000 


8.4393488 
8.5433281 
8.8014189 


2.3496369 
2.3613031 
2.3916067 


Futures  Market  Forecasts 


1-  Q  ahead 

2-  Q  ahead 
4-Q  ahead 


645 
634 
592 


5.0100000 
5.0300000 
5.4300000 


14. 7400000 
14. 1600000 
13.6300000 


8.7828837 
9.0561356 
9. 5651351 


2.3686255 
2 .4082693 
2 . 3469856 


Actual  Rates 


1-  Q  ahead 

2-  Q  ahead 
4-Q  ahead 


645 
634 
592 


5. 1500000 
5.1500000 
5. 1500000 


12 . 8200000 
12.8200000 
10. 3700000 


8. 1727597 
8.0253470 
7.6001182 


2.0169570 
1 . 9729983 
1 .4792722 


Unit:  % 


Table  2 

Descriptive  Statistics:   S&P  500  Index 


Variable        N  Minimum  Maximum  Mean  Std  Dev 


Livingston  Survey 


2-Q  ahead 
4-Q  ahead 


460 

356 


125.0000000 
140.0000000 


370.0000000 
350.0000000 


237.2434783 
232.7050562 


54. 3369366 
44. 5828879 


Futures  Market  Forecasts 


2_Q  ahead 
4-Q  ahead 


460 
356 


110.5500000 
111.2500000 


295 . 1000000 
316  .4000000 


200.0550000 
191. 5547753 


53.8288034 
54.6110220 


Actual  Index 


2-Q  ahead  460 
4-Q  ahead  356 


139.7200000 
149.0300000 


306.9700000 
270.6800000 


212.8687826 
206.2327809 


53.4605115 
42.5634366 


Note:   The  base  is  1941-43  =  10. 
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3.1.3.   Foreign  Exchange  Rates 

Predictions  on  several  foreign  exchange  rates  such  as  Deutschemark, 
British  Pound,  Swiss  Franc,  and  Japanese  Yen  are  also  analyzed  in  this 
study.  The  Money  Market  Services  (MMS)  survey  provides  market  economists' 
average  forecasts  on  these  foreign  exchange  rates.  The  MMS  survey 
collects  on  a  weekly  basis  one-week  ahead  and  one-month  ahead  predictions 
on  the  above  four  exchange  rates  from  foreign  currency  dealers  and 
financial  economists.''  The  one -month  ahead  forecasts  are  used  as  the 
first  indicator  (P|)  .  The  data  period  is  from  October  24,  1984  to  May  19, 
1989. 

Since  the  individual  forecasts  on  exchange  rates  are  not  available 
in  the  MMS  survey,  futures  market  expectations  are  not  a  good  candidate 
for  the  second  indicator  (Qi)  Thus,  one-month  ahead  forward  market 
exchange  rates  collected  from  the  Wall  Street  Journal  are  used  instead  as 
the  second  indicator.  These  two  indicators  are  matched  with  the  actual 
rate  collected  also  from  the  Wall  Street  Journal.  The  resulting  time- 
series  data  sets  contain  around  200  observations.  Detailed  descriptive 
statistics  are  presented  in  Table  3. 


A  problem  with  the  MMS  survey  is  that  it  does  not  publish  the 
individual  forecasts  but  only  average  forecasts.  For  the  possible  bias 
due  to  the  aggregation,   see  section  3.2.1. 

Note  that  the  delivery  of  foreign  currencies  is  made  only  four 
times  a  year.  This  means  we  only  have  four  one -month  ahead  futures  market 
forecasts  in  a  year.  Without  individual  survey  forecasts,  this  seriously 
lowers  the  sample  size. 
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Table  3 

Descriptive  Statistics:   Foreign  Exchange  Rates 


Variable 


Minimum 


Maximum 


Mean 


Std  Dev 


MMS  Survey 


D-Mark 
B- Pound 
S- Franc 
J -Yen 


184 
207 
207 
207 


0.2915450 
1.0400000 
0. 3448280 
0.0037590 


0. 6230500 
1.9015000 
0. 7692300 
0.0083333 


0.5013796 
1.5813671 
0.6018254 
0.0065403 


0.0883234 
0. 1992556 
0. 1088366 
0.0013492 


Forward  Market  Forecasts 


D-Mark 
B- Pound 
S- Franc 
J -Yen 


184 
207 
207 
207 


0.2986000 
1.0826000 
0. 3525000 
0.0038140 


0.6155000 
1.8907000 
0. 7813000 
0.0082740 


0.4993788 
1.5760522 
0. 5991079 
0.0064875 


0.0861253 
0. 1909580 
0. 1061109 
0.0013391 


Actual  Rates 


D-Mark 
B- Pound 
S- Franc 
J-Yen 


184 
207 
207 
2F 


0.2979000 
1.0875000 
0. 3515000 
0.0038070 


0.6131000 
1.8915000 
0. -7776000 
0.0082380 


0.4957408 
1.5869729 
0. 5998531 
0.0065427 


0.0882269 
0. 1875815 
0. 1036054 
0.0012936 


Note:  All  rates  are  expressed  as  (dollar/foreign  currency) 


3.2.  Regression  Tests  for  Rationality 
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There  have  been  two  different  methods  of  rationality  tests  in  the 
literature  depending  upon  the  available  data.  For  a  'direct  test'  of 
rationality,  direct  survey  observations  on  expectations  are  necessary. 
In  the  absence  of  direct  observations  on  expectations,  an  'indirect  test' 
can  be  used  to  test  the  rationality  of  expectations.  Abel  and  Mishkin 
(1983)  show  that  the  rationality  can  be  tested  by  testing  appropriate 
cross -equation  restrictions  on  a  statistical  model  without  direct 
observations  on  forecasts. 

But,  as  Pesaran  (1987)  points  out,  the  indirect  tests  are  crucially 
dependent  on  the  validity  of  the  model  specification.  In  general,  the 
rejection  of  cross-equation  restrictions  does  not  necessarily  imply  the 
irrationality  of  expectations  because  the  cross  -  equation  restrictions  can 
also  be  rejected  due  to  misspecif ication  in  the  underlying  economic  model. ^ 
So,  the  indirect  tests  are  not  reliable  unless  validated  with  appropriate 
misspecif ication  tests. ^  In  this  review,  we  will  concentrate  on  the  direct 
tests  of  rationality.         ■  .        ,  " 

The  ultimate  hypothesis  of  the  tests  for  rationality  is  H(,: 
Pi=E(At  I  It.i)  ,  which  implies  that  an  economic  agent's  forecast  is  equal  to 
the  mathematical  expectation  of  the  corresponding  target  variable 
conditioned   on    the    ava liable    information    at    that    t ime .  But      s ince 


"  Pesaran  (1987)  p. 181.  .  ,  , 

White's  information  matrix  test  could  be  the  best  method  to  validate 
the  specification.    ■  •■      •  •  ■> 
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E(A,|l,.i)  is  not  observed,  an  alternative  hypothesis  Ho':  A,=P,+£,  has  been 
tested  instead,  where  £,  is  white  noise.  It  can  be  easily  seen  that  if 
H()'   is  true  then  Hq  is  true.^ 

Maddala  (1989b)  distinguishes  two  types  of  tests  for  Hq'  .  The  first 
type  is  called  'regression  tests'  and  is  based  on  Aj.^ .  The  following  OLS 
models  are  examples  of  this  type.  '  \- 


A,  =  QQ  +  ajP,  +  £, 

At- Pi  =  /So  +  ySlA,.i  +  £, 

At -Pi  =  70  +  7l(A,.i-P,.i)  +  £t 

A,-P,  =  5o  +  A'Z,.i  +  £, 


Ho'  :  Qo=0,  a,=l  (3.1) 

Ho'  :  A)=^|=0  (3.2) 

Ho'  :  70=71=0  (3.3) 

Ho'  :  6o=A=0  (3.4) 


where  Zi.]  is  a  vector  of  relevant  variables  in  the  information  set  I,.i . 

Numerous  empirical  studies  have  performed  this  type  of  tests  with 
different  survey  data.  Most  of  them  reject  the  rationality  of 
expectations.  Lovell  (1986)  and  Zarnowitz  (1985)  are  good  sources  of 
cumulative  empirical  evidence  of  this  predominant  conclusion. 

In  this  study,  to  be  compared  with  the  results  from  the  new  test 
method  proposed  in  the  next  chapter,  equation  (3.1)  is  estimated  by  OLS 
using  the  data  sets  explained  in  the  last  section.  The  estimated 
equations  are: 


If  £,  is  not  white  noise  but,  for  example,  an  AR(1)  error  following 
£,  =  p£,.i  +  ei,  then  E(a|i,.i)  =  P,  +  p£,.i  ^  P, .  Thus,  if  Ho  is  tested  instead 
of  Ho',   it  is  not  necessary  to  test  if  £,  is  white  noise. 


At  =  ao  +  ajP,  +  £, 
At  =  bo  +  biQt  +  wi 


V 

V  > 


(3.5) 
(3.6) 


where  Pt  is  the  first  forecast  and  Qt  is  the  second  forecast.  Note  that 
we  have  two  independent  prediction  series  in  each  data  set.' 

Table  4  gives  the  estimation  results  from  two  different  forecasts 
on  90-day  U.S.  Treasury  Bill  Interest  Rates.  The  F-statistics  show  that 
the  null  hypothesis  Ho:  ao(bo)=0,  ai(bi)=l  is  rejected  at  a  1%  significance 
level  in  both  the  survey  forecasts  (?,)  and  the  futures  market  forecasts 
(Qi) ,  in  all  three  different  forecast  ing  spells.  While  the  critical  values 
of  F(2,K)  are  3.00  at  5%  significance  level  and  4.61  at  1%  significance 
level  for  any  K  greater  than  120,'"  the  F-statistics  in  Table  4  are 
extremely  high,   ranging  from  141  to  1138. 

Table  5  provides  the  OLS  estimates  of  the  equations  (3. 5) -(3. 6)  for 
S&P  500  Stock  Price  Index.  The  F-statistics  indicate  that  there  are 
significant  irrationalities  in  the  Livingston  survey  forecasts  (Pt)  and  in 
the  futures  market  forecasts  (Q,)  regardless  of  the  forecasting  spells. 
The  OLS  results  of  various  foreign  exchange  rates  are  given  in  Table  6. 
The  rational  expectations  hypothesis  is  rejected  by  the  F-test  for  the 
forward  market  forecasts  (Q,)  as  well  as  the  MMS  survey  forecasts  (P,).  No 
single  foreign  currency  supports  the  hypothesis  of  rational  expectations. 


See  section  3.1. 


10 


These  values  are  quoted  from  F- distribution  table  in  Maddala  (  1977) 
pp. 510-511. 
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Table  4 

OLS  Estimates;   90-day  Treasury  Bill  Interest  Rates 


1-quarter  2-quarter  4-quarter 

ahead  ahead  ahead 


ao  2.8633**  3.5882*'  5. 9981** 

(0.2017)  (0.2307)  (0.2220) 

&l  0.6291**  0.5194"  0.1820" 

(0.0230)  (0.0260)  (0.0243) 

F  141.806**  205.944"  778.202** 

0.5371  0.3864  0.0866 

bo  2.4511**  3.0248**  4.7970** 

(0.1967)  (0.2256)  (0.2262) 

bi  0.6515**  0.5522*'  0.293l" 

(0.0216)  (0.0241)  (0.0230) 

F  200.930**  331.312"         ,^  1138.73** 

0.5853  0.4543  0.2162 


Notes:   1)  Standard  Errors  are  in  parentheses. 

2)  F-statistics  are  computed  from  the  null  hypotheses  . 
H,,:  ao(bo)=0,a,(bi)=l. 

Equations : 

A,  =  a,)  +  a|P,  +  £, 
A,  =  bo  +  biQ,  +  w, 

where  A,=actual  T-Bill  rates,  P,=ASA-NBER  survey  forecasts,  and  Q,=futures 
market  forecasts. 

*:   significant  at  p=0.05 
**:   significant  at  p=0.01 
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Table  5 

OLS  Estimates:   S&P  500  Stock  Price  Index 


2-quarter  4-quarter 
ahead  ahead 


ao 

-0.0980** 

0.1326* 

(0.0336) 

(0.0596) 

ai 

0.9385** 

0. 8293" 

(0 . 0138) 

(0 . 0251) 

F 

540.058*' 

757  .  258** 

r2 

0.9100 

0.  7545 

bo 

0.3849*' 

0.8299** 

(0.0461) 

(0.0466) 

bi 

0.8717*' 

0 .  6434** 

(0.0222) 

(0.0234) 

F 

74.0469** 

1822  .  587** 

0.7703  ■ 

0.6814 

Notes:  1) 

Standard  Errors  are 

in  parentheses. 

2)   F-statistics  are  computed  from  the  null  hypotheses 
Ho:  ao(bo)=0,a,(b,)=l. 

Equations: 

A[  =  ao  +  ai?,  +  C| 
A,  =  bo  +  biQ,  +  w, 

where  At=actual  S&P  Index,  P,=Livingston  survey  forecasts,  and  Q,=futures 
market  forecasts. 


*:   significant  at  p=0.05 
**:   significant  at  p=0.01 
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Table  6 

OLS  Estimates:   Foreign  Exchange  Rates 


Deutsche-  British  Swiss  Japanese 

Mark  Pound  Franc  Yen 


(J 

0587 

0 

1576 

0 

0406 

0 

*  * 

0369 

(0 

0276) 

(0 

0293) 

(0 

0088) 

(0 

0078) 

ai 

0 

983l" 

0 

9038** 

0 

9293** 

0 

9440** 

(0 

0130) 

(0 

0184) 

(0 

0144) 

(0 

0117) 

F 

8 

7523" 

14 

8514** 

12 

8358** 

11 

4504** 

r2 

0 

9692 

0 

9219 

0 

9531 

0 

9694 

bo 

-0 

0145 

0 

0985** 

0 

0290** 

0 

0448** 

(0 

0269) 

(0 

0300) 

(0 

0091) 

(0 

0104) 

bi 

1 

0164*' 

0 

9444** 

0 

9528**   .    '  • 

0 

9395** 

(0 

0126) 

(0 

0189) 

(0 

0149) 

(0 

0157) 

F 

6 

9349** 

8 

9507** 

5 

1298** 

10 

8726** 

r2 

0 

9726 

.  0 

9244 

0 

9522 

0 

9457 

Notes;   1)  Standard  Errors  are  in  parentheses.  ■ 

2)   F-statistics  are  computed  from  the  null  hypotheses 
Ho:  ao(bo)=0,ai(bi)=l. 

Equations: 

A,  =  ao  +  aiP,  +  £,  ■■-  - 

At  =  bo  +  biQ,  +  u^ 

where  At=actual  exchange  rates  (spot  rates),  Pi=MMS  survey  forecasts,  and 
Q,=forward  market  forecasts. 

significant  at  p=0 . 05  ''•^    '  ----- 

significant  at  p=0.01 

,    ^  '         C  J     "  j 

I 
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3.3  Variance  Bounds  Tests  for  Rationality 

The  other  type  of  direct  tests  developed  by  Shiller  (1981)  and  LeRoy 
and  Porter  (1981)  compares  variances  of  actual  observations  and  the 
forecasts.  If  Hq' :  A,  =  P,  +  £,  is  true,  var(A,)  =  var(P,)  +  var(£,).  Thus, 
var(A,)  >  var(Pt)  if  predictions  are  rational.  Now  the  hypothesis  is  Ho": 
var(A,)  >  var(P,).  It  should  be  noted  that  Hq"  is  not  a  sufficient 
condition  but  a  necessary  condition  for  Hq'  .  A  rejection  of  Ho"  implies 
the  rejection  of  the  rational  expectations  hypothesis,  but  an  acceptance 
of  Ho"  does  not  necessarily  indicate  the  validity  of  the  rationality 
hypothesis.  This  type  of  test  has  been  heavily  applied  to  the  analyses 
of  stock  price  behavior  and  is  also  called  a  'volatility'  test. 

Table  7  shows  the  sample  variances  of  various  predictions  and  actual 
realizations.  No  formal  test  is  necessary  to  reject  Ho":  var(Ai)  >  var(P,) 
for  all  variables  in  Table  7 .  No  actual  series  has  a  larger  sample 
variance  than  its  prediction  series.  ■ 

The  validity  of  Shiller' s  test  has  been  called  into  question  by 
several  authors.  Marsh  and  Merton  (1986)  point  out  that  Shiller 's 
'unconditional'  variance  bounds  tests  are  not  appropriate  if  the  series 
are  nonstationary .  Flavin  (1983)  also  shows  that  the  unconditional 
variance  bounds  tests  produce  serious  small-sample  bias  when  the 
fundamental  series  are  smoothed  due  to  the  presence  of  nonstationarity  or 
autocorrelation. 


Table  7 

Sample  Variances:  All  Variables 


90-dav  T-Bill 


1-  Q  ahead 

2-  Q  ahead 
4-Q  ahead 


Actual 

4.0681 
3.8927 
2.1882 


NBER  Survey 

5.5208 
5.5758 
5.7198 


Futures  Market 

5.6104 
5.7998 
5.5083 


S&P  Index 


2-Q  ahead 
4-Q  ahead 


Actual 

2858.0263 
1811 . 6461 


Livingston  Survey      Futures  Market 


2952  .  5027 
1987.6339 


2897 . 5401 
2982.3637 


Foreign  Exchange  Rates 

Actual 


D-Mark 
B- Pound 
S -  Franc 
J -Yen 


0.0078 
0.0352 
0.0107 
1.7E-6 


ms  Survey 

0.0078 
0.0397 
0.0118 
1 . 8E-6 


Forward  Market 

0.0074 
0.0365 
0.0113 
1.8E-6 
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To  overcome  this  nonstationarity  bias ,  'conditional'  variance  bounds 
tests  have  been  developed."  Mankiw,  Romer  and  Shapiro  (1985)  suggest  a 
new  variance  bounds  test  in  which  a  constructed  'naive  forecast'  is  used 
as  the  conditional  mean.  The  rationality  hypothesis  is  also  rejected  with 
their  new  test.  Kleidon  (1986b)  distinguishes  two  types  of  variance 
bounds,  cross-sectional  variance  bounds  and  time-series  variance  bounds. 
For  the  time-series  variance  bounds  tests,  he  proposes  a  normalization  of 
the  fundamental  series  to  avoid  the  nonstationarity  bias.  His  test  does 
not  reject  the  rational  expectations  hypothesis  in  contrast  to  other 
researches.  Pesaran's  (1989)  test  synthesizes  Mankiw  et  al.'s  naive 
conditional  mean  technique  and  Kleidon' s  normalization  technique.  His 
results  are  mixed.  Blanchard  and  Watson  (1982)  ,  Campell  and  Shiller 
(1987),  and  West  (1988b)  have  developed  similar  variance  bounds  tests 
allowing  nonstationarity.  Their  methods  are  different  in  the  choice  of 
the  information  subset  .  The  rationality  hypothesis  is  generally 
rejected  by  these  empirical  studies  which  are  surveyed  in  LeRoy  (1989)  and 
West  (1988a).  These  'second-generation'  variance  bounds  tests''  are  not 
performed  in  this  study.     ^  ....  ^ 

The  relationship  between  the  variance  bounds  tests  and  the 
regression  tests  are  analyzed  in  Frankel  and  Stock  (1987)  and  in  Pesaran 


When  a  series  is  nonstationary ,  the  unconditional  variance  E[(x- 
E(x))']  is  infinite  so  that  the  variance  bounds  are  meaningless.  However, 
the  conditional  variance  given  I,.,,  E[  (x-E(x  |  I,.i) )']  is  not  necessarily 
unbounded.     See  Blanchard  and  Watson  (1982)  pp. 304-305. 

The  variance  bounds  tests  free  of  the  nonstationarity  bias  are 
called  the  ' second- generation'  variance  bounds  tests  by  LeRoy.  See  LeRoy 
(1989)  p. 1599. 
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(1989).  They  show  that  the  variance  bounds  tests  are  generally  less 
powerful  than  the  regression  tests. 

3.4  Cointegration  Tests  for  Rationality 

The  traditional  regression  tests  of  rationality  will  be  incorrect 
if  P|  and  A,  are  nonstationary  and  follow  unit  root  processes.  It  is  known 
that  the  OLS  estimators  will  be  biased  downward  when  the  actual  data- 
generating  processes  are  random  walks.  For  such  a  case,  a  cointegration 
test  for  rationality  has  been  alternatively  developed.  Suppose  that  the 
actual  series  A,  is  a  random  walk.  Then  if  the  predictions  are  rational, 
the  forecast  series  P,  should  also  have  a  unit  root  and,  furthermore,  A, 
and  P,  must  be  cointegrated  with  a  cointegrating  factor  of  one.  Therefore, 
if  it  is  shown  that  an  actual  series  is  a  random  walk  and  is  cointegrated 
with  the  corresponding  forecast  series  with  a  cointegrating  factor  of  one, 
the  expectations  can  be  regarded  as  unbiased.'-^  Hakkio  and  Rush  (1989) 
apply  such  a  cointegration  test  to  exchange  rate  data  and  show  that  the 
forward  rates  and  the  spot  rates  are  cointegrated.  The  rationality 
hypothesis  is  not  rejected  by  their  test.  Hafer  and  Hein  (1989)  use 
interest  rates  data  to  examine  whether  A,,  P,  and  (A|-P, )  have  unit  roots. 
They  conclude  that  the  expectations  are  unbiased  because  A,  and  P,  have 
unit  roots  but  (A,-P,)  does  not.     Similar  tests  have  been  applied  by  Lahiri 


This  procedure  has  some  serious  problem  as  will  be  seen  in  section 

A. 1.2. 
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and  Chun  (1989)  and  Liu  (1989).  It  is  worth  noting  here  that  the 
cointegration  test  of  rationality  is  basically  problematic  and  incomplete. 
This  point  will  be  discussed  in  section  4.1.2. 

In  this  section,  a  cointegration  test  for  rationality  is  performed 
for  the  foreign  exchange  rates  data  to  be  compared  with  the  previous 
empirical  studies.  The  90-day  Treasury  Bill  rates  and  the  S&P  stock  price 
indices   are   not   tested  because   the   data   sets   are   not    time-series  but 


To  inspect  if  any  series  in  the  foreign  exchange  rates  data  sets  is 
nonstationary ,  the  augmented  Dickey- Fuller  test  is  done  for  all  the  P, , 
Qi  and  A,  series.  The  augmented  Dickey- Fuller  (ADF)  test  is  chosen  out  of 
the  seven  unit  roots  tests  suggested  in  Engle  and  Granger  (1987)  because 
the  ADF  test  is  known  to  be  most  powerful  among  those  seven. The  model 
for  the  ADF  test  is,  ^ . ' 


where  y,  is  the  series  of  interest,  Ay,  =  yi-yi.|  ,  and  p  is  set  to  4  in  this 
study.  The  ADF  test  examines  Hq:  p=l ,  the  null  hypothesis  of  unit  root 
process  against  H| :  p<l .  The  rejection  of  Ho  implies  that  the  series  is 
stationary.  The  critical  values  for  the  ADF  t-statistics  can  be  found  in 
Fuller  (1976)  or  Banerjee  et  al.  (1991).  The  ADF  test  results  for  the 
foreign  exchange  rate  series  are  presented  in  Table  8.     It  is  shown  in 


pooled . 


14 


P 

Yt  =  70  +  P  Yi-i  +     2  7i  Ay,.i  +  u, 
i=l 


(3.7) 


V  ■ 


See  section  3.1. 


Engle  and  Granger  (1987)  p.  269. 


Table  8 

ADF  Unit  Root  Test  p:   Foreign  Exchange  Rates 


MMS  Survey  Forward  Market  Spot  Rates 


D-Mark 

0, 

.9706 

0 

,9716 

0, 

.9801 

(3, 

.1137)* 

(3, 

,2952)' 

(2, 

.5389) 

B- Found 

0, 

,9747 

0, 

,9755 

0, 

,9686 

(2, 

,2202) 

(2, 

, 1893) 

(2. 

,  7427) 

S- Franc 

0. 

,9812 

0, 

,9818 

0. 

,  9801 

(2. 

,0675) 

(2, 

,0812) 

(2. 

,3379) 

J -Yen 

0. 

,9867 

0, 

,9746 

0, 

,9867 

(1. 

,8281) 

(1. 

,6852) 

(2. 

,2288) 

Model: 

4 

Yi  =  70  +  P  yi-l  +      2  7i  Ay,.|  +  u, 
i=l 

t-values  for  Hq:   p  =  1  are  in  the  parentheses. 

indicates  the  t-statistic  is  significant  at  5%  level. 
The  critical  values  for  the  one-tailed  ADF  t-test  at  5% 
significant  level  are: 


-3.00 

when  sample 

size= 

=25 

-2.93 

when  sample 

size= 

=50 

-2.89 

when  sample 

size= 

=  100 

-2.88 

when  sample 

s  ize= 

=250 

-2.87 

when  sample 

size= 

=500 

-2.86 

when  sample 

size= 

=00 

(source : 

Fuller  (1976)  p. 

373.  ) 

Notes:  1) 
2) 
3) 


Table  8  that  the  foreign  exchange  rate  series  generally  follow  random 
walks.  Only  two  exceptions  in  Deutschemark  data  are  found  to  reject  the 
unit  root  hypothesis.  This  result  is  consistent  with  the  previous 
empirical  findings .  . 

As  was  explained  earlier,  the  rational  expectations  hypothesis  can 
be  tested  by  testing  if  the  actual  series  Aj  and  the  prediction  series  P, 
are  cointegrated  with  a  cointegrating  factor  of  one.  If  A,  and  P,  are 
cointegrated  with  a  unit  cointegrating  factor,  (A,-Pi)  should  be 
stationary.'^  The  ADF  test  is  applied  to  the  following  model  to  see 
whether  or  not  the  (A,-F,)   is  stationary. 

4 

(A,-P,)  =  ^0  +  >  (A,-i-P,.i)  +   2       A(A,.i-P,.i)  +  V,  (3.8) 

i=l 

The  null  hypothesis  is  Hq:  A=1  which  implies  irrationality.  Table 
9  shows  the  ADF  test  results.  Two  prediction  series --MMS  survey  forecasts 
(Ft)  and  the  forward  market  forecasts  (Q()--are  used  for  the  test.  In 
Table  9,  Uq:  A=1  is  rejected  for  all  the  prediction  series  at  5% 
significant  level,  which  impl  ies  that  the  rationality  hypothesis  is 
accepted.     This  result  is  consistent  with  existing  empirical  evidence.'^ 


See  Hakkio  and  Rush  (1989)  and  Liu  (1989). 

1 7 

Note  that  this  is  not  the  sufficient  condition  for  rationality. 
Even  if  the  two  series  are  cointegrated  with  a  unit  factor,  the  prediction 
is  not  rational  unless  E(A,-P,)=0.  This  problem  will  be  discussed  in 
section  4.1.2. 

Hakkio  and  Rush  (1989),  Liu  (1989)  etc. 


Table  9 

Cointegration  Test  (ADF)  A:   Foreign  Exchange  Rates 


A,  -  P, 

A, 

-  Qt 

D-Mark 

0.5739 
(4. 7994)* 

0. 

(5. 

,5650 
,0844)* 

B- Pound 

0.6886 
(4. 5718)* 

0. 
(A. 

,6711 
7114)* 

S- Franc 

0.7055 
(4.3956)* 

0. 

(4. 

7289 
1293)* 

J -Yen 

0.6966 

(4.7047)* 

0. 
(5. 

5256 
0208)* 

Model : 

(A,- 

•P.) 

=  ^0 

4 

+  A   (A,.j-P,.,)  +    E  $ 
i=l 

i  A  (A,. 

,-P.- 

i)    +  V, 

(A,- 

Qt) 

=  ^0 

4 

+  >  (A,-i-Q,.i)  +    S  9 
i=l 

,  A  (A,, 

i-Qi- 

i)  +  w, 

Notes:  1) 

P. 

=  MMS 

survey  forecasts. 

A 


Qi  =  forward  market  forecasts. 
At  =  spot  rates . 

2)  t-values  for  Hq:   A  =  1  are  in  the  parentheses. 

3)  *  indicates  the  t-statistic  is  significant  at  5%  level. 

4)  The  critical  values  for  the  one-tailed  ADF  t-test  at  5% 
significant  level  are: 


-3.00 

when  sample 

size=25 

-2.93 

when  sample 

size=50 

-2.89 

when  sample 

size=100 

-2.88 

when  sample 

size=250 

-2.87 

when  sample 

size=500 

-2.86 

when  sample 

size=oo 

(source : 

Fuller  (1976)  p. 

373  .  ) 

CHAPTER  4 

A  NEW  TEST  FOR  RATIONALITY- -LATENT  VARIABLES  MODEL 

In  the  last  chapter,  the  traditional  tests  for  the  rational 
expectations  hypothesis  have  been  reviewed.  The  traditional  tests  have 
been  called  into  questions  for  several  reasons.  Measurement  error  in 
observed  forecasts  is  a  major  unresolved  drawback  of  the  traditional 
tests.  In  this  chapter,  those  criticisms  are  surveyed  and  a  new  test 
procedure  which  is  free  from  the  errors  in  variables  bias  is  developed. 

4.1.     Criticisms  on  the  Traditional  Tests  of  Rationality 

The  traditional  tests  described  above  have  been  criticized  by  many 
authors.  The  criticisms  can  be  grouped  in  two  categories.  One  is  on  the 
problems  in  the  statistical  methods  and  the  other  is  on  the  drawbacks  of 

survey  data  themselves. 

'          '  ■   '  -       '     ^  ■  -• 

4.1.1.     Criticisms  on  Survey  Data  on  Expectations 

A  crucial  assumption  of  direct  tests  of  rationality  is  that  P,  is 
error-free.  If  P,  is  error-ridden,  the  direct  test  is  not  valid  or  not 
estimable.      For  example,    in  the  regression  tests,    the  OLS  estimates  for 
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coefficients  for  equation  (3.1)  will  be  biased  if  P,  is  error- ridden .  To 
see  this  problem  more  precisely,  let  us  write  the  model  with  measurement 
error  as  follows: 

A,  =  ao  +  aip,  +  £(  (^.1) 
Pt  =  Pt  +  M  (6.2) 

where  pi  is  the  true  prediction  and  wi  is  measurement  error.  If  one 
regresses  A,  on  P, ,   the  model  will  be 

A,  =  ao  +  aiP,  +  E,  (4.3) 

where  E|=(£,-aiw,)  .  Since  Cov(P, ,  Ei)5^0 ,  the  OLS  estimates  on  a's  are 
inconsistent  so  that  the  tests  for  the  rational  expectations  hypothesis 
based  on  these  estimators  are  invalid.  In  models  (3.2)  and  (3.3),  OLS  has 
no  problems  if  the  error  in  P,  is  white  noise.  But,  if  Pj  is  contaminated 
by  autocorrelated  error,  then  rationality  will  be  rejected  due  to  that 
serial  correlation  even  though  c^  is  white  noise. 

The  variance  bounds  test  will  also  be  misleading  when  P,  is  error- 
ridden  because  var(Pi)  can  be  larger  than  var(A,)  due  to  the  variance  of 
errors  in  P,  even  if  the  true  prediction  is  rational.  If  the  true 
prediction  is  rational, 

f        ■  ■         •  . 

-      ■    Ai  =  p,  +  £,  (  Cov(p,,£,)  =  0)  '  (4.4) 

Pt  =  Pi  +  W|         ■     ;   '  (4.5) 
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Thus  , 


A,  =  P,  +  (c,  -  w,) 


(4.6) 


Or. 


Var(At)  =  Var(Pi)  +  Var(£,)  +  Var(w,)   -  2Cov(P,,tj,) 


(4.7) 


with  the  assumption  of  Cov(P,  ,£,)  =  Cov(c,,w,)  =  0.  Since  Cov(P,  ,w,)  0, 
the  rationality  hypothesis  does  not  necessarily  imply  Var(Ai)  >  Var(P,)  . 
Thus,  the  conventional  variance  bounds  tests  are  invalid  in  the  presence 
of  measurement  errors . 

As  shown  above,  direct  tests  of  rationality  critically  depend  on  P, 
being  error- free.  However,  survey  observations  on  expectations  can  hardly 
be  error- free.  As  many  authors  point  out,  because  the  respondents  have 
no  rewards  or  penalties,  they  are  possibly  careless  and  lack  information, 
so  that  they  may  express  opinions  which  are  different  from  the  ones  they 
would  actually  choose  to  act  upon.  Also,  sampling  errors  or  ambiguities 
in  phrasing  questions  may  be  another  source  of  measurement  errors.' 

On  the  respondents'  lack  of  information,  Webb  (1987)  uses  inflation 
rate  series  to  show  that  the  information  available  to  forecasters  when 
they  make   their  predictions   is   insufficient  and  usually  biased.      On  the 


'  Maddala  (1989b)  p. 12,  Pesaran  (1987)  p. 209,  Zarnowitz  (1985)  p. 294, 
Cukierman  (1986)  pp. 315-316.  •  . 
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incentives  and  abilities  to  produce  accurate  forecasts,  Hafer  and  Resler 
(1982)  show  that  there  are  significant  differences  in  survey  forecasts  by 
the  respondents'  professional  affiliations.  They  compare  six  groups  which 
participate  in  the  Livingston  survey  and  conclude  that  only  one  group- - 
economists  from  non- financial  bus inesses -- gives  unbiased  forecasts.  This 
implies  that  survey  data  suffer  some  sampling  errors  and  inaccurate 
responses . 

Lahiri  and  Zaporowski  (1987)  examine  three  survey  data  sets  on 
inflation  expectations  (Livingston,  SRC,  ASA-NBER)  using  the  MIMIC 
(multiple -  indicator ,  multiple-cause)  model  and  conclude  that  the  survey 
expectations  are  significantly  downward-biased  from  the  true 
(unobservable)  underlying  expectations  due  to  measurement  errors. 
Although  their  results  are  subject  to  misspecif ication ,  it  is  shown  that 
the  effects  of  measurement  errors  in  survey  observations  may  be  serious. 

The  second  problem  in  survey  observations  on  expectations  is  that 
only  the  mean  or  median  of  individual  expectations  is  published  in  many 
cases  so  that  most  studies  have  used  the  average  expectations."  But  as 
Figlewski  and  Wachtel  (1983)  have  shown,  the  use  of  the  mean  survey 
forecast  introduces  the  errors  -  in- variables  problem  and  produces  a  bias 
in  estimates.  Thus,  the  rationality  of  mean  response  may  not  be  related 
to  the  rationality  of  individual  responses.  Urich  and  Wachtel  (1984)  call 
this  an  aggregation  bias.  Dietrich  and  Joines  (1983)  have  shown  that  the 
estimates    obtained   from   survey   mean   are   always    greater    than   the  ones 


^  See  Figlewski  and  Wachtel   (1981)  p.l 
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obtained  from  individual  forecast.  Saunders  (1981)  and  Urich  and  Wachtel 
(1984)  have  examined  inflation  rate  forecasts  and  money  supply  change 
forecasts  respectively,  and  have  reported  that  the  rationality  hypothesis 
was  accepted  with  aggregated  data  but  rejected  with  disaggregated  data. 

In  another  line  of  criticism  on  aggregation,  Mishkin  (1981)  argues 
that  the  behavior  of  a  market  is  not  necessarily  the  same  as  the  behavior 
of  the  average  individual  since  economic  outcomes  are  determined  by 
marginal  behavior.  He  uses  interest  rate  and  inflation  rate  data  and 
shows  that  the  market  forecasts  are  rational  although  the  average 
forecasts  reject  the  rationality. 

4.1.2.     Criticisms  on  Statistical  Methods 

The  following  five  criticisms  of  statistical  methods  for  the 
traditional  tests  for  rationality  have  been  considered.  The  first  four 
critiques  are  mainly  on  the  regression  tests,  and  the  last  criticism  is 
on  the  cointegration  tests.  >       „   r' >» 

First,  Cukierman  (1986)  points  out  that  the  conventional  tests  for 
rationality  may  be  misleading  when  a  permanent  shock  has  affected  the 
economy.  In  the  presence  of  a  permanent  shock,  it  will  be  rational  for 
an  economic  agent  not  to  adjust  his  expectation  immediately  since  he  is 
not  able  to  distinguish  whether  the  change  is  permanent  or  transitory.'' 
Thus,   when  a  permanent  shock  occurs,    the  conventional   rationality  tests 


If  there  is  no  variation  between  individual   forecasts,    these  two 
estimates  will  be  the  same. 

^  He  calls  this  the   ' permanent- transitory  confusion.'   See  Cukierman 
(1986)  p. 324 
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may  reject  the  rationality  hypothesis  despite  the  rationality  of 
forecasters.  To  avoid  this  problem,  survey  expectations  must  be  carefully 
examined  if  they  are  collected  during  tranquil  periods.  Lewis  (1989) 
proposes  a  rational  slow- learning  model  and  demonstrates  that  the  tight 
money  market  policy  during  the  early  1980s  made  the  forecasters 
systematically  underpredict  the  strength  of  U.S.  dollar  for  several 
succeeding  years. 

Second,  several  authors  argue  that  inappropriate  data  have  been  used 
in  the  rationality  testings.  Keane  and  Runkle  (1989)  cast  doubt  on  the 
validity  of  the  revised  data  on  actual  prices  which  have  been  used  in  most 
empirical  studies.  They  claim  that  the  revised  data  for  the  previous 
period  cannot  be  available  to  the  forecasters  at  the  time  they  make 
predictions  because  of  the  time  lags  in  release  of  statistics.  So,  if  one 
compares  survey  forecasts  with  the  revised  series,  one  may  reject  the 
rationality  even  though  the  forecasters  predict  rationally  on  the 
information  available  to  them  at  that  time.  The  rationality  in  price 
predictions  has  been  accepted  when  they  used  unrevised  data."^  As  seen  in 
the  section  4.1.1,  Webb  (1987)  has  shown  that  there  is  a  significant 
difference  between  the  revised  and  unrevised  price  series. 

Third,  Keane  and  Runkle  (1989)  claim  that  the  correlation  in  the 
forecasting  errors  across  forecasters  has  to  be  considered.  If  the 
forecasters'  prediction  errors  are  intercorrelated ,  inference  based  on  OLS 
estimates  will  be  invalid.  Hence,  they  use  the  generalized  method-of- 
moments   estimator   to   take    into   account   the   correlation  of  errors  among 

For  the  unrevised  data  they  used  the  first  official  release  of  GNP 
deflator . 
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forecasters  within  a  given  time  period.  The  rationality  hypothesis  is  not 
rejected  with  their  method. 

The  fourth  problem  pointed  out  by  Abel  and  Mishkin  (1983)  is  the 
possible  misspecif ication  of  the  models.  To  test  the  serial  correlations 
in  forecasting  errors,  the  traditional  direct  tests  sometimes  regress 
(A, -Pt)    on  variables   in  the   information  set  as   shown  in  the  equation 

(3.2)-(3.4)  But  if  we  mistakenly  omit  some  other  relevant  variables  in 
,  the  estimates  for  coefficients  on  the  variables  in  the  equation  will 
be  biased  and  the  test  will  be  invalid. 

Finally,  the  cointegration  tests  for  rational  expectation  hypothesis 
have  three  problems.  First,  it  has  been  argued  that  the  unit  root  tests 
and  the  cointegration  tests  are  not  reliable  because  they  generally  have 
low  power.  There  have  been  a  number  of  Monte  Carlo  studies  showing  the 
low  power  of  those  tests.  A  Monte  Carlo  simulation  by  Banerjee,  Dolado, 
Hendry  and  Smith  (1986)  is  a  good  source  of  power  comparisons.  Second, 
the  rational  expectations  hypothesis  is  accepted  only  when  the 
cointegrating  factor  is  one.  However,  the  cointegration  tests  usually 
cannot  show  that  the  two  variables  are  cointegrated  with  a  cointegrating 


^  This   type   of  tests    is   often  called   the  weak   type   of  rationality 
tests.     «i  .  ,  t       (  ■  1- '■ 
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factor  of  one.^  The  seven  test  methods  suggested  in  Engle  and  Granger 
(1987)  can  test  the  existence  of  cointegration  but  not  the  cointegrating 
factors.  Thus,  if  one  rejects  the  existence  of  cointegration  with  these 
tests,  then  one  can  claim  the  expectations  are  not  unbiased.  However,  if 
the  existence  of  cointegration  is  accepted,  it  cannot  be  evidence  for  the 
unbiasedness  of  expectations  since  the  cointegrating  factor  still  may  not 
be  one.  Third,  to  support  the  rational  expectation  hypothesis,  it  must 
be  shown  that  the  forecasting  error  is  white  noise.  Thus,  in  addition  to 
the  unbiasedness,  the  existence  of  serial  correlation  in  the  forecast 
errors  (A,-P()  has  to  be  tested.  However,  the  cointegration  tests 
described    above    ignore    whether    the    forecasting    errors    are  serially 


A  'super  consistent'  estimate  for  the  cointegrating  factor  can  be 
obtained  from  the  so-called  'cointegrating  regression.'  The  estimate  is 
super  consistent  in  the  sense  that  it  has  the  distribution  normalized  by 
T  rather  than  JT  so  that  it  converges  faster  to  its  true  value.  However, 
the  standard  error  of  the  estimated  cointegrating  factor  is  highly 
misleading  since  both  series  are  non- stationary .  So,  inference  on  the 
cointegrating  factor  is  invalid  though  the  estimate  itself  is  (super) 
consistent.  This  point  is  argued  in  Engle  and  Granger  (1987),  Hendry 
(1986)  and  Hakkio  and  Rush  (1989). 

o 

Hafer  and  Hein  (1989)  propose  a  test  method  to  see  whether  the 
cointegrating  factor  is  one.  They  first  show  that  A,  and  P,  are  random 
walks.  Then,  instead  of  estimating  the  cointegrating  factor  by 
cointegration  regression,  they  restrict  the  cointegrating  factor  to  one 
and  test  if  (A,-P,)  is  a  random  walk.  They  argue  that  if  (A,-Pt)  is  not  a 
random  walk  but  a  stationary  series.  A,  and  Pt  can  be  considered  as 
cointegrated  with  factor  one  since  the  cointegrating  factor  is  unique  when 
it  exists.  They  also  test  an  extra  condition  of  E(A,-P,)=0  because  the 
unbiasedness  of  expectations  E(A,-P,)=0  is  not  guaranteed  due  to  their 
restriction  on  the  cointegrating  factor. 

Their  procedure,  however,  still  suffers  from  the  problem  of  serial 
correlations.  Once  (A,-P,)  is  found  to  be  stationary,  the  following 
conventional  regression  test  can  be  additionally  done  to  check  if  (A,-P,) 
is  white  noise. 


Ai-Pi  =  70  +  7i(A,.i-P,.i)  +  £,         !'    .      Ho'    :  70=71=0 
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correlated  or  not.  Although  the  error-correction  model  (ECM)  implied  by 
the  cointegration  of  two  variables  can  be  used  to  test  if  the  forecast 
error  is  white  noise,  it  is  necessary  to  assume  that  the  cointegrating 
factor  is  one.  Hakkio  and  Rush  (1989)  use  the  ECM  model  to  test  the 
serial  correlation  with  the  assumption  of  a  unit  cointegrating  factor  and 
do  not  accept  that  the  forecast  error  is  white  noise.  Liu  (1989)  checks 
the  serial  correlation  problem  in  (A,-P,)  using  the  Q- statistics . 

4.2.     A  Test  for  Rationality- -Latent  Variables  Model 

As  seen  in  the  last  section,  measurement  errors  in  survey 
observations  are  the  major  unresolved  problem  of  direct  tests  of 
rationality.  The  following  model  is  designed  to  deal  with  this 
measurement  errors  problem.  What  we  want  to  test  is  Ho:  P,=E(A,  |  I,.] )  as 
shown  in  section  3.2.*''    We  can  consider 

Pt  =  ao  +  aiMi  +  u,  (4.8) 

where  /ii  =  E(A,  |l,.])  for  notational  convenience  and  u,  is  measurement  and 
approximation  error.  We  assume  u,  ~  N(0,auu)  and  u, ' s  are  not  serially 
correlated.  If  forecasts  are  rational,  then  ao=0  and  ai=l .  A  problem 
here  is  that  /i,  is  not  observable.     But  we  know  that 


A  relative  advantage  of  this  original  null  hypothesis  Ho  to  the 
conventional  null  hypothesis  Ho'  :  A,  =  P,  +  E,  is  that  it  does  not  need  an 
additional  test  for  the  serial  correlation  in  E, .     See  section  3.2. 


At  =  Ml  +  e, 
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(A. 9) 


where  et  -  N(0,aee).     et  is  also  assumed  to  be  serially  uncorrelated . 

As  is  well  known,  it  is  generally  impossible  to  get  a  consistent 
estimator  for  a  from  equations  (4.8)  -  (4.9)  if  is  assumed  to  be  a  fixed 
variate.  It  is  a  classical  errors  -  in- variables  case  and  is  called  the 
'functional'  latent  variables  model. Alternatively,  we  can  assume  that 
/u,  is  a  random  variable  having  some  distribution.  This  is  the  so-called 
'structural'  latent  variables  model. With  this  assumption,  the  situation 
is  better  because  it  is  not  impossible  to  get  consistent  estimators  in  the 
structural  latent  variables  model.  But  the  model  (4.8)  -  (4.9)  still  has 
a  problem.  It  is  underidentif led .  Though  the  identification  problem  in 
structural  latent  variables  model  is  rather  complicated,''^  it  can  be  easily 
checked  in  this  simple  model  by  writing  out  the  so-called  'covariance' 
equations.       From  (4.8)  and  (4.9),  >     j,  -'"^  it 

2  ^  ' 

Opp  =  ai  a^^  +  (4.10) 

Oaa  =           +  age  (4.11) 

<7pa  =  aia^^  (4.12) 

E(P,)  =  ao  +  «i  E(/x,)  (4.13) 

E(A,)  =  E(m,)  (4.14) 


Aigner,   et  al .    (1984)  p. 1325. 
Aigner,   et  al .    (1984)  pp . 1329 -  1337 . 

For  general  identification  rules,  see  Bollen  (1989)  ch.4  and  ch.B. 
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where  cry  is  the  covariance  of  i  and  j,  etc.  In  equations  (4.10)  -  (4.14), 
this  model  is  obviously  underidentif ied  since  there  are  five  equations  and 
six  unknowns  qq,  ai ,  cr„^,  ^uu,  '^ee  and  E(/xi)  .  Thus,  consistent  estimators 
cannot  be  obtained  without  further  arbitrary  restrictions  or  a  priori 
information. 

However,  one  interesting  fact  in  survey  observations  on  expectations 
is  that  we  usually  have  several  different  survey  forecasts  on  the  same 
target  variable.  For  instance,  Livingston  surveys  and  ASA-NBER  surveys 
give  independent  forecasts  on  GNP,  and  the  Blue  Chip  Financial  Forecasts 
and  Livingston  surveys  provide  separate  expectations  on  interest  rates, 
and  so  on.  This  kind  of  independent  forecasts  can  give  us  full 
identification  of  the  model.     With  another  forecast  Q, ,   we  have, 


Pt  =  Qo  +  ai/i,  +  u,  (4.15) 

•  Q,  =  /So  +  /SlMi  +  V,                                                     ,  ,         '  (^-16) 

A,  =  Ml  +  e,                                                                ^  (4.17) 

where  v,  is  assumed  to  be  N(0,c7vv)  and  all  the  error  terms  are  assumed 
independent  and  serially  uncorrelated .  Now,  the  optimal  forecasts  are 
rational  if  Hq:   qo==A)=0  and  ai=^i=l  is  accepted. 

It    can   be    shown    that    this    new    model    is    j  ust  -  identified  by  the 
following  covariance  equations. 


'PP 


(4.18) 
(4.19) 
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(^.20) 
(^.21) 
(4.22) 
(4.23) 
(4.24) 
(4.25) 
(4.26) 

This  model  is  just- identified  since  there  are  nine  unknowns  ao,  a\ , 
A).   Pi'   <^nn'   '^uii.   <7w.   cTcc   E(^i)   and  nine  equations  in  (4.18)    -  (4.26). 

A  latent  variables  model  can  be  estimated  by  FIML  (Full  Information 
Maximum  Likelihood)  if  it  is  identified.  FIML  gives  consistent  and 
asymptotically  efficient  estimators.  The  likelihood  function  for  the 
above  model   (4. 15) - (4 . 17)   can  be  expressed  in  a  matrix  form  as 

log  Lie)  =  constant  -   (n/2)    (log|a(^)|  +  tr(Sn"'(^))  - 

+  (Z-EZ)  'n''(Z-EZ)  )  (4.27) 

where  S=Z(Z,-Z)  '  (Z,-Z)/n,  Z,s[P,  Q,  A,]',  Z=[P  Q  A]',  EZ^[E(P)  E(Q)  E(A)  ]  '  , 
0  and  9  stand  for  the  covariance  matrix  and  the  parameter  vector 
respectively,  and  n  is  the  number  of  observations.  This  likelihood 
function  is  derived  in  the  Appendix. 

■  i  V  ;»;-•,    •  '  :  ;         ■  .       ^      >  =, 


Caa  =  ^tJiii  +  <^ee 

E(P,)  =  ao  +  "1  E(Ai,) 

E(Q,)  =  ;9o  +  ^1  E(M,) 

E(A,)  =  E(m,) 


CHAPTER  5 
ESTIMATION 


The  new  test  of  the  rational  expectations  hypothesis  which  was 
derived  in  the  previous  chapter  is  applied  to  various  financial  market 
data  in  this  chapter.  The  rationality  in  the  expectations  on  interest 
rates,  stock  price  index,  and  exchange  rates  are  examined.  To  show  the 
robustness  of  the  estimators,  the  bootstrapping  estimation  is  done  for  the 
parameters  of  interest. 

5.1.   Empirical  Results 

The  likelihood  function  (4.27)  derived  from  equations  (4 . 15) - (A . 17) 
is  maximized  for  each  data  set  mentioned  above.  The  Newton- Raphson 
algorithm  is  mainly  used  for  the  maximization.'  Since  this  new  test  method 
is  an  extension  of  the  traditional  regression  tests,  the  empirical  results 
from  the  new  test  will  be  compared  with  the  results  from  the  regression 
test  performed  in  section  3.2.     The  regression  test  model  was; 

'  Since  a  consistent  initial  parameter  vector  can  be  obtained  by  IV 
estimation,  the  positive  definiteness  of  the  Hessians  were  not  usually 
violated  during  the  iterations.  In  the  case  of  negative  definite 
Hessians,  BFGS  algorithm  was  used  to  approximate  the  Hessians.  The  FIML 
programs  written  with  GAUSS  2.0  are  available  from  the  author. 
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A,  =  ao  +  aiP,  +  £, 
At  =  bo  +  biQt  +  w, 


5J 

(5.1) 
(5.2) 


The  estimation  results  of  the  traditional  regression  tests  were  presented 
in  Table  4  -  Table  6 . 

5. 1.1.   90-day  Treasury  Bill  Interest  Rates 

The  FIML  estimators  computed  from  the  Latent  Variables  Model  derived 
in  this  study  are  reported  in  Table  10.  The  Wald  statistics  reject  the 
rational  expectations  hypothesis  Hq:  Q()(/3())=0  ,qi  (^i  )=1  at  1%  significance 
level.  Neither  the  survey  forecasts  nor  the  futures  market  predictions 
exhibit  rationality.  These  results  lead  us  to  conclude  that  economic 
agents'  optimal  expectations  are  not  rational  in  Muth ' s  sense  even  after 
measurement  errors  are  controlled. 

It  is  difficult  to  sort  out  the  effect  of  the  measurement  errors  in 
observed  forecasts  because  they  are  not  identified  in  (4.15)  -  (4.17). 
However,  it  can  be  intuitively  seen  that  measurement  errors  in  observed 
forecasts  have  exaggerated  the  irrationality  in  economic  agents' 
predictions.  In  Table  10,  the  Wald  statistics  vary  from  78  to  185  while 
the  critical  values  of  x"(2)  distribution  are  5.99  at  5%  significance  level 
and  9.21  at  1%  level.  Although  F-statistics  cannot  be  directly  compared 
with  X  statistics,  it  seems  intuitively  correct  that  the  Wald  statistics 
are  relatively  smaller  than  the  F-statistics  in  Table  4.  This  implies 
that  the  deviations  in  the  parameters  from  the  rational  expectations 


The  critical  values  are  taken  from  Maddala  (1977)  p.  506 
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Table  10 

FIML  Estimates:   90-day  Treasury  Bill  Interest  Rates 


1- quarter 

2-quarter 

4-quarter 

ahead 

ahead 

ahead 

-3.0340" 

-4.2129" 

-13.273" 

(0.4130) 

(0.6052) 

(1.9940) 

"1 

1.4038" 

1.5895" 

2.9045" 

(0.0497) 

(0.0744) 

(0.2621)  r 

^0 

-3.2903" 

-5.0507" 

-24.6618" 

(0.4250) 

(0.6739) 

(4.4534) 

Pi 

1.4772" 

1.7578" 

4.5034" 

(0.0512) 

(0.0831) 

(0.5865) 

2.4703"  , 

1.8190" 

0.3578"       •  - 

(0.2108)  * 

(0.1889) 

■    (0.0778)          .  -■  , 

0.6437" 

*  * 

0.9712 

*  * 

2.6914 

(0.0743) 

(0. 1111) 

. ; :    (0. 2752) 

aw 

0.2108" 

0.1702 

-1.7585" 

(0.0730) 

(0.1185) 

■   -  (0.5391) 

<7ee 

1.5915" 

2 .0676" 

1.8267"          •  ■ 

(0.0946) 

(0.1223) 

(0.1094)  . 

E(Mt) 

8.1728" 

8.0253" 

7.6001" 

(0.0794) 

(0.0783) 

(0.0608) 

Wald-Q 

78.0704" 

89.9168" 

96.9910" 

Wald-/3 

151.667" 

185 . 309" 

96.4299" 

Notes:   1)  Standard  Errors  are  in  parentheses. 

2)  Wald-Q  (Wald-/9)   is  testing  Hq:   qo(/9o)=0  ,a,  (^|  )  =  1  . 
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Table  10 -- continued 


Equations:     P,  =        +  a^|I^  +  u, 
Q,  =  ;0O  +  +  V, 

A,  =  Ml  +  e, 

where  /Jt=nisthematical  expectations  of  A;,  At=actual  T-Bill  rates,  P|=ASA- 
NBER  survey  forecasts,  and  Qt=futures  market  forecasts.  All  the  other 
parameters  are  listed  in  the  section  3.3. 

*:   significant  at  p=0.05  . 
significant  at  p=0.01 
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hypothesis   are   lowered  by   the   elimination  of  measurement  errors.  This 

point  is  more  clear  in  the  comparison  of  the  t-statistics .      In  Table  4, 

the  t-statistics  testing  Hq  :    ao(bo)=0  or  Hq:    ai(b])=l  range   from  12.46  to 

33.66.    However,  in  Table  10,  the  t-statistics  testing  the  same  hypothesis 

vary  from  5.53  to  9.32.     All  of  them  are  consistently  smaller  and  most  of 

them  are  less  than  half  of  the  corresponding  t-values  in  Table  4.  Thus, 

it    can    be    concluded    that    measurement    errors    in    observed  forecasts 

overstate  the  irrationality  in  economic  agents'   optimal  expectations. 

A  strange  result  in  Table  10  is  that  the  estimate  for  aw  (variance 

of  V,)  in  the  4-quarter  ahead  predictions  is  negative.     This  phenomenon  is 

called  the  Heywood  case.'     Bartholomew   (1987)    argues   that  Heywood  cases 

almost  certainly  are  the  result  of  sampling  error  and  suggests  stopping 

the    iteration   at    some    arbitrary    small    positive   value    of    the  variance 
4 

estimator.       Since  the  probability  of  negative   (or  zero)   sample  variance 

tends    to    zero    as    the    sample    size    tends    to    infinity,     the  asymptotic 

properties   of  parameter   estimates   are   unchanged.      In   other  words,  the 

parameters   are   still   consistent  and   asymptotically   efficient   even   in  a 

Heywood  case.      However,    in  a   small   sample,    a  Heywood   case   may  not  be 

plausible.    In  section  5.2,  some  distribution- free  resampling  methods  such 

as  Jackknife  or  Bootstrap  technique  will  be  used  to  improve  the  empirical 

results  instead  of  stopping  the  iteration  at  a  positive  value. 

...^  I 

^  Heywood  (1931)  .  '  ■     '  '  * 

Bartholomew  (1987)  pp.  69-72. 
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5.1.2.  S&P  500  Stock  Price  Index 

The  FIML  estimates  for  S&P  500  stock  price  index  are  shown  in  Table 
11.  The  Wald  statistics  consistently  reject  the  null  hypothesis  of  the 
rational  expectations  for  both  forecasts  in  either  forecasting  spell.  The 
Wald  statistics  for  the  Livingston  survey  forecasts  (Wald-a)  are  1035.43 
and  525.386  while  the  Wald  statistics  for  the  futures  market  forecasts 
(Wald-/9)  are  140.256  and  80.4836,  respectively.  This  result  implies  that 
the  Livingston  survey  forecasts  (P,)  are  further  removed  from  the  rational 
expectations  than  the  futures  market  forecasts   (Q,)  . 

In  the  predictions  on  stock  price  index,  the  effect  of  measurement 
errors  is  not  clear.  The  t-statistics  in  FIML  estimation  are  not 
consistently  smaller  than  the  corresponding  t-values  in  OLS  estimation  in 
Table  5.^     Two  Heywood  cases  with  a^,,.  are  reported  in  Table  11. 

5.1.3.  Foreign  Exchange  Rates 

In  Table  12,  the  Wald  test  using  the  FIML  estimators  also  shows 
evidence  of  irrationalities  in  foreign  currency  market  predictions.  All 
the  foreign  currencies,  Deutschemark ,  British  Pound,  Swiss  Franc,  and 
Japanese  Yen  produce  significantly  high  Wald  statistics.  Thus,  it  is 
shown  that  the  biases  in  economic  agents'  predictions  which  have  been 
steadily  found  by  previous  empirical  studies  cannot  be  fully  explained  by 
measurement  errors  in  observed  forecasts.     Market  participants'  optimal 


5  t-values  out  of  8  are  smaller  in  FIML.  Precisely,  they  are 
5.674(>2.919)  ,  3 . 534 (<4 . 457 )  ,  7  .  516 (<8 . 353)  ,  7  .  656(>5 . 779)  ,  6 . 804(>2 . 226)  , 
5.088(<6.800)  ,  0.5439(<17.822)  ,  1 . 147 (<15 . 239)  where  the  OLS  t-statistics 
are  in  parentheses. 


Table  11 

FIML  Estimates:   S&P  500  Stock  Price  Index 


"0 
«1 

Pi 

aw 

E(Mt) 

Wald-Q 
Wald-/3 


2-quarter 
ahead 


0 

3207*' 

(0 

0353 ) 

0 

9638** 

(0 

0162) 

0 

1305" 

(0 

0516 ) 

0 

8785** 

(0 

0236) 

0 

2869** 

(0 

0189) 

0 

0281" 

(0 

0028) 

0 

*  * 

0677 

(0 

0048) 

-0 

0016 

(0 

0023) 

2 

1287" 

(0 

0249) 

1035.43*' 

140.256" 


4 -quarter 
ahead 


0 

5497" 

(0 

0700) 

0 

8618" 

(0 

0335 ) 

-0 

1535 

(0 

0929 ) 

1 

0033" 

(0 

0443) 

0 

1907 

(0 

0141) 

0 

0566" 

(0 

0052) 

0 

*  * 

1054 

(0 

0089) 

-0 

*  * 

0101 

(0 

0042) 

2 

0623" 

(0 

0225) 

525.386" 


80.4836" 


Notes;    1)   Standard  Errors  are  in  parentheses. 

2)  Wald-a  (Wald-^S)   is  testing  Ho :  qo(/3o)=0  ,qi  (/S|  )=1 . 
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Table  11- -continued 


Equations:     P,  =  qq  +  Qj/i,  +  u, 

Q,  =  ;8o  +  +  V, 

At  =  Mt  +  ©i 

where  //t=niathematical  expectations  of  At,  At=actual  S&P  Index,  P,=Livingston 
survey  forecasts,  and  Qt=futures  market  forecasts.  All  the  other 
parameters  are  listed  in  the  section  3.3. 

*:   significant  at  p=0.05 
**:   significant  at  p=0.01 


Table  12 

FIML  Estimates:   Foreign  Exchange  Rates 


Deutsche - 

British 

Swiss 

Japanese 

Mark 

Pound 

Franc 

Yen 

-0 

0531* 

-0. 

1686** 

-0 

0419" 

-0 

0376** 

(0 

0286) 

(0. 

0365) 

(0 

0101) 

CO 

0088) 

"1 

1 

0141** 

1. 

1027" 

1 

0731'* 

1 

0572** 

(0 

0133) 

(0. 

0229) 

(0 

0166) 

CO 

0132 ) 

^0 

0 

0134 

-0 

*  * 

1033 

-0 

0282** 

-0 

0293' 

(0 

0262) 

(0 

0345) 

(0 

0099) 

CO 

0114 ) 

0 

9843** 

1 

0582** 

1 

0458** 

1 

0363** 

(0 

0122) 

(0 

0216) 

(0 

0163) 

(0 

0172 ) 

0 

2021** 

0 

0324** 

0 

0102" 

0 

0162" 

(0 

0217) 

(0 

0034) 

(0 

0011) 

(0 

0016) 

0 

0006** 

0 

0001** 

0 

0000 

0 

0000 

(0 

0002) 

(0 

0000) 

(0 

0000) 

(0 

0000) 

0 

0000 

0 

0000 

0 

0000 

0 

0005** 

(0 

0001) 

■  (0 

0000) 

(0 

0000) 

(0 

0000) 

0 

0058" 

0 

0026*' 

0 

0004" 

0 

0005" 

(0 

0006) 

(0 

0003) 

(0 

0000) 

(0 

0000) 

E(/i,) 

2 

0969" 

1 

5870" 

0 

5999" 

0 

6543** 

(0 

0336) 

(0 

0130) 

(0 

0072) 

(0 

0090) 

Wald- 

a  16.669" 

22.197*' 

20.848" 

18.747" 

Wald-/3  14.354** 

15.648** 

8 

0991* 

10.895" 

Notes:    1)   Standard  Errors  are  in  parentheses. 

2)  Wald-Q  (Wald-^)   is  testing  H,,:  qo(Aj)=0  ,Qi  (^3,  )=1 
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Table  12- -continued 


Equations  :     Pj  =  qq  +  Qj^i  +  u, 
Qi  =  /3o  +  ^iMt  +  V, 
■  :        A,  =  /i,  +  e, 

where  ^i=mathematical  expectations  of  A,,  A(=actual  exchange  rates  (spot 
rates),  Pt=MMS  survey  forecasts,  and  Qt=forward  market  forecasts.  All  the 
other  parameters  are  listed  in  the  section  3.3. 

*:   significant  at  p=0.05  ' 
**:   significant  at  p=0.01 


I 
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predictions  seem  to  be  irrational  even  if  they  are  measured  without 
errors.  However,  it  is  also  revealed  that  the  existence  of  measurement 
errors  in  reported  forecasts  has  exaggerated  the  magnitude  of  the  biases 
in  optimal  predictions.  In  Table  6  and  Table  12,  the  t-values  in  the  FIML 
estimation,  which  is  free  of  measurement  errors,  are  consistently  smaller 
than  those  in  the  error-ridden  OLS  estimation.  This  indicates  that  the 
significance  of  the  optimal  forecasting  biases  may  be  much  lower  than  the 
existing  empirical  evidence  shows. 

In  Table  12,  the  Wald-a  statistics  are  consistently  greater  than  the 
Wald-/3  statistics.  As  was  seen  in  the  S&P  stock  price  index  case,  this 
phenomenon  indicates  that  the  MMS  survey  forecasts  are  more  diverged  from 
the  rational  predictions  than  the  forward  market  forecasts. 

5.2.   Bootstrap  Estimation 

5.2.1.  Improper  Solutions  in  Latent  Variables  Models 
It  has  been  frequently  reported  that  a  latent  variables  model  (or 
a  confirmatory  factor  analysis  model)  produces  non-positive  variance 
estimates.  Such  an  out-of -bound  parameter  estimate  occurs  when  the 
solution  of  the  first  order  conditions  for  optimization  (of  likelihood 
function,  or  any  criterion  function)  is  not  in  a  feasible  range,  and  has 
been  called  an  "improper  solution."  The  improper  solutions  have  been  also 
called     "Heywood    cases"     since     Heywood     (1931)     has     first     shown  the 
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possibility.^  The  possible  causes  of  the  improper  solutions  have  been 
rigorously  investigated  by  a  number  of  simulation  studies,  for  example, 
van  Driel  (1978),  Anderson  and  Gerbing  (1984),  and  Boomsma  (1985).  They 
have  shown  that  improper  solutions  can  occur,  even  when  the  sample  size 
is  considerably  large  (up  to  300)  ,  if  one  of  the  following  causes  is 
serious : 

1)  sampling  errors  combined  with  true  values  of  the  variance  close 
to  zero 

2)  invalid  model  specification 

3)  lack  of  indicators  for  relevant  factors. 

If  there  is  no  question  of  the  validity  of  the  model,  a  small  negative 
variance  estimate  induced  from  the  sample  fluctuations  may  not  be  a 
problem  but  just  imply  that  the  variable  in  question  is  wholly  explained 
by  the  latent  variable.  It  is  obvious,  however,  that  improper  solutions 
are  not  plausible  in  practice. 

The    strategies    of    dealing    with     improper     solutions     are  well- 
summarized  in  Bartholomew  (1987)  and  in  Boomsma  (1985)  as  follows: 

1)  try  to  get  a  large  sample  at  the  stage  of  research  design 

2)  restrict  the  variance  estimates  to  some  small   positive  numbers^ 

3)  respecify  the  model 

4)  use  different  estimation  methods  from  the  MLE. 


Strictly  speaking,   the  Heywood  case  is  slightly  different  from  the 
improper  solution.     See  van  Driel  (1978)  pp. 225-226. 

^   van   Driel    (1978)    argues    that    this    is    acceptable    only   when  the 
improper  solutions  are  caused  by  sample  fluctuations. 
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5)  transform  the  data  to  get  positive  variances 
In  this  study,  the  most  probable  cause  of  the  improper  solutions  is 
sampling  errors  because  the  model  specification  is  not  flexible  but 
obtained  from  theory.  The  relatively  small  sample  sizes  (184-645)  may 
contribute  to  the  sampling  fluctuations  and  the  failure  of  normality 
assumption  on  small-sample  disturbances  resulted  from  sampling  errors  will 
most  likely  be  the  cause  of  the  Heywood  cases  detected  in  our  data  sets. 

Once  the  cause  of  improper  solutions  is  given  as  the  failure  of  the 
normality  assumption,  the  best  strategy  among  the  above  five  remedies 
should  be  some  alternative  estimation  free  from  the  assumption  of  normal 
distribution.  One  candidate  of  those  distribution- free  estimation  methods 
is  the  Method  of  Moments  (also  known  as  Instrumental  Variables  Method) 
estimation.      Let  us   rewrite  the  model    (4.15)    -    (4.17)    given  in  section 


4.2. 


(5.3) 


Qt 


^0  +  )3lMi  +  V, 


(5.4) 


A, 


Ml  +  e, 


(5.5) 


Or,   by  substituting  equation  (4.17)   into   (4.15)   and  (4.16), 


P,  = 


(5.6) 


Q,  =  /So  +  ^lA,  +  T, 


(5.7) 


Bartholomew  (1987)  p. 72 
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where  r?,  =  (u,  -  oie,)  and  t,  =  (v,  -  /3ie,)  .  Since  A,  is  correlated  with 
and  Ti,  OLS  cannot  be  applied  to  (5.5)  -  (5.7).  However,  a' s  can  be 
consistently  estimated  from  (5.6)  by  the  Method  of  Moments  (MM)  estimation 
using  Q,  as  the  instrumental  variable.  Similarly,  the  consistent  MM 
estimators  for  /3's  can  be  obtained  from  (5.7)  using  P,  as  the  instrument. 
It  should  be  noted  that  the  MM  estimators  for  a's  and  ^'s  are  not 
necessarily  efficient.*^ 

One  important  feature  in  the  MM  estimation  of  the  model  (5.3)  - 
(5.5)  is  that  the  MM  estimators  for  a's  and  /3's  are  identical  to  the  FIML 
estimators  for  a's  and  ^'s.  It  has  been  shown  that  the  MM  estimators  and 
the  FIML  estimators  are  equivalent  in  a  just- identified  model  when  the 
number  of  instruments  is  the  same  as  the  number  of  regressors . In  this 
particular  model,  the  first  order  conditions  for  MM  estimation  are 
equivalent  to  the  orthogonality  conditions,  which  are" 

S'  (P-Bq)  =0       .  •  r    j  "  .      ,      .     '  (5.8) 

R'  (Q-B/3)  =  0  (5.9) 

Or, 


aiv  =  (S'B)"^S'P 


/9,v  =  (R'B)-'r'Q 


(5.10) 
(5.11) 


The  FIML  estimators  are  efficient  under  the  assumption  of  normality. 
'  For  example,   Fuller  (1987)  pp. 59-62. 
White  (1984)  pp. 8-9. 
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where  R  ^  [  IP],  S  ^  [  1  Q  ] ,  B  ^  [  1  A  ] ,  a'  ^  [  ao  «i  ]  ,  and  ^'  ^  [A) 
/3i  ]  .  It  can  be  easily  seen  that  the  first  order  conditions  for  FIML, 
which  are  identical  to  the  equations  (4.18)  -  (4.26)  because  the  model  is 
just- identified,  give  the  same  solutions  for  q's  and  /3's  as  (5.10)  and 
(5.11). 

What  has  been  shown  so  far  is  that  the  parameters  of  interests  a's 
and  ^'s  are  robust  regardless  of  the  distributional  assumptions  in  FIML 
estimation,  although  the  nuisance  parameters  a's  produce  improper 
solutions  due  to  the  failure  of  the  assumption  of  normality.  The  FIML 
estimates  for  the  standard  errors  of  q's  and  /3's,  however,  are  not  valid 
if  the  normal  distribution  assumption  is  failed.  Once  the  standard  errors 
(or,  equivalently  the  variance  - covariance  matrix)  of  a's  and  yS's  are 
biased,  the  inference  on  the  rational  expectations  hypothesis  using  the 
Wald  statistics  will  not  be  valid  any  more.  Thus,  the  effect  of  the 
failure  of  the  normality  assumption  on  the  estimate  for  the  variance- 
covariance  matrix  should  be  investigated  and  a  better  alternative  estimate 
should  be  developed  if  possible.  The  MM  estimates  for  the  standard  errors 
may  be  an  alternative  but  are  not  necessarily  efficient. 

Some  distribution- free  resampling  methods  such  as  the  Jackknife  or 
the  Bootstrap  have  been  developed  to  examine  the  accuracy  of  the 
asymptotic  properties  of  the  standard  error  estimates  and  to  compute  more 
reliable  estimates   for  standard  errors.      In  the  next   two  sections,  the 


The  MM  estimates  of  the  standard  errors  are  almost  identical  to 
the  FIML  estimates  in  all  the  data  sets.  Detailed  estimation  results  are 
not  reported  here  but  available  upon  request. 
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Bootstrap  estimation  which  is  an  iterative  resampling  technique  computing 
an  alternative  estimate  for  standard  errors  is  applied  to  the  data  sets 
to  improve  the  reliability  of  the  empirical  results. 

5.2.2.  Bootstrapping 

The  Bootstrap  method  is  a  nonparametric  technique  for  estimating 
standard  errors  by  resampling  the  data.  It  has  been  first  discussed  by 
Efron  (1979,  1982)  and  theoretically  developed  by  Bickel  and  Freedman 
(1981)  and  Freedman  (1981) .  The  method  has  been  widely  examined  and  used 
in  a  number  of  empirical  studies.  Some  examples  are  Bickel  and  Krieger 
(1989),  Bickel  and  Yahav  (1988),  Freedman  and  Peters  (1984a,  1984b),  Jones 
(1988),  Rocke  (1989),  and  Romano  (1988).  Peters  and  Freedman  (1984)  is 
a  good  evaluation  of  the  method. 

In  the  regression  context,  the  Bootstrap  procedure  for  OLS  estimates 
with  a  model  y  =        +  u  can  be  summarized  as  follows: 

1)  Run  a  regression  to  get  /3  =  (X'X)  X'y. 

2)  Resample  u;  Obtain  u*  by  drawing  n  times  at  random  with 
replacement  from  u. 

3)  Construct  a  "fake  data"  y    by  the  formula  y    =  X;9  +  u  . 
^.  ,    4)  Reestimate  13*  =  (X'X)'^X'y*.         ^  %  i.-;: 

5)  Repeat  1)   -  4)  m  times.       ^  ,  , 

6)  Compute  the  Bootstrap  Standard  Error  of  ^  =  [  S  (13' -0)^  /  m  ]'^. 
As  shown  above,  the  Bootstrap  approximates  the  unknown  distribution  by  the 
"Bootstrap"  distribution  ■  obtained  by  iterative  resampling  constructions 


Efr  on  (1979,   1982)  calls  this  the  "Bootstrap"  distribution. 
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of  the  "empirical"  distribution  of  the  data.  The  Bootstrap  standard 
errors  are  computed  from  the  Bootstrap  distribution.  When  the  Bootstrap 
is  applied  to  FIML  (or  MM)  estimation,  the  above  OLS  estimator  /9  will  be 
replaced  by  FIML  estimator  and  the  other  steps  will  be  the  same. 

The  asymptotic  properties  of  the  Bootstrap  estimators  for  regression 
models  are  investigated  in  Bickel  and  Freedman  (1981)  and  Freedman  (1981). 
They  have  shown  that  the  Bootstrap  approximation  is  asjrmptotically  valid 
under  mild  conditions.  In  this  study,  the  FIML  estimates  for  standard 
errors  of  a' s  and  /3's  presented  in  section  5.1  are  re-estimated  by  the 
Bootstrap  and  the  Wald  statistics  are  re-calculated  from  the  Bootstrap 
results.  Recall  that  the  FIML  estimates  are  identical  to  the  MM 
estimates.  The  nuisance  parameters  (ff's)  are  not  re-estimated  because 
they  are  not  used  in  testing  the  rational  expectations  hypothesis. 

5.2.3.   Bootstrap  Estimation  Results 

The  Bootstrap  estimation  results  are  given  in  Table  13  -  Table  15. 
The  outcomes  are  obtained  from  100  resampling  replications  (m=100).'''  In 
Table  13  -  Table  15,  the  first  column  presents  the  original  FIML  estimates 

A 

0,  the  second  column  gives  the  FIML  standard  errors  for  comparison,  the 
third  column  shows  the  Bootstrap  average  (  Z6  /lOO  )  ,  and  the  fourth  column 
is  the  Bootstrap  standard  error  (   {  1.(6* -0)^/100  ),  where  9'  =   [qq  "i 

^0  ^i]  . 

Compared  with  the  FIML  results,  the  distribution- free  Bootstrap 
estimates  for  standard  errors  are  almost  identical  to  the  FIML  estimates 


The  GAUSS  2.0  is  used  for  the  Bootstrap  replications.     The  program 
is  available  from  the  author  upon  request. 
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Table  13 

BOOTSTRAP  Estimates:   90-day  Treasury  Bill  Interest  Rates 


FIML  (MM) 
Estimates 


FIML 
Std  Error 


Bootstrap 
Average 


Bootstrap 
Std  Error 


1-quarter  ahead 

eto  -3.0340  0.4130 

ai  1.4038  0.0497 

j8o  -3.2903  0.4250 

fif  1.4772  0.0512 

Bootstrap  Wald-a  =  77.438** 
(FIML  Wald-a  =  78.0704)       >  -' 


•3 .0063 
1 . 3995 

•3 . 2525 
1.4717 


0.4186 
0.0515 
0.4312 
0.0527 


Bootstrap  Wald-^  =  175.989 
(FIML  Wald-/3  =  151.667) 


2 -quarter  ahead     '  ... 

ao  -4.2128  0.6052 

ai  1.5895  0.0744 

00  -5.0507  0.6739 

01  1.7578  0.0831 

Bootstrap  Wald-a  =  69.947** 
(FIML  Wald-a  =  89.917) 


■4.2230 
1.5928 

■4.9560 
1.7486 


0. 6257 
0.0767 
0.7197 
0.0882 


Bootstrap  Wald-/9  =  162.238 
(FIML  Wald-/3  =  185  .  309) 
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Table  13 -- continued 


FIML  (MM) 
Estimates 


FIML 
Std  Error 


Bootstrap 
Average 


Bootstrap 
Std  Error 


4-quarter  ahead 

oo  -13.273  1.9940 

ai  2.9045  0.2621 

-24.662  4.4534 

/3i  4.5035  0.5865 

Bootstrap  Wald-Q  =  107.487*' 
(FIML  Wald-a  =  96.991) 


-13.137 
2.8853 

-23.856 
4.3960 


1.7892 
0. 2336 
4 . 3657 
0. 5751 


Bootstrap  Wald-^  =  98.694 
(FIML  Wald-/9  =  96.430) 


Notes:    1)  Wald-Q   (Wald-/3)   is  tes  ting  H,, ;       ( A))  =0  .  "1       )  =1  • 

2)  The  Bootstrap  averages  are  E(^*)  where  d\=^[  a,)  qi        P\  ]■ 

3)  The  Bootstrap  standard  errors  are   [  E( 61* -  ^ ) '/lOO  ]''''. 


Equations:  P,  =  qq  +  ajju,  +  u, 
Qt  =  ;9o  +  ^iMi  +  V, 
At  =  Mt  +  e, 

where  ^t=n'athematical  expectations  of  A(,  A,=actual  T-Bill  rates,  P,=ASA- 
NBER  survey  forecasts,  and  Q,=futures  market  forecasts.  All  the  other 
parameters  are  listed  in  the  section  3.3. 


:   significant  at  p=0.05 
*:   significant  at  p=0.01 


Table  14 

BOOTSTRAP  Estimates:   S&P  500  Stock  Price  Index 


FIML  (MM) 
Estimates 


FIML 
Std  Error 


Bootstrap 
Average 


Bootstrap 
Std  Error 


2 -quarter  ahead  - 

OO   ■  0.3207  0.0353 

aj  0.9638  0.0162 

jSo  0.1305  0.0516 

$1       ■   '     "       0.8785  0.0236 

Bootstrap  Wald-Q  =  1192.136*' 
(FIML  Wald-Q  =  1035.43) 


0.3152 
0.9661 
0. 1368 
0.8759 


0.0369 
0.0167 
0.0564 
0.0253 


Bootstrap  Uald-^  =  148.479 
(FIML  Wald-/9  =  140.256) 


4 -quarter  ahead 

ao  0.5497  0.0700 

ai  0.8618  0.0335 

-0.1535  0.0929 

/3i  1.0033  0.0443 

Bootstrap  Wald-a  =  491.976** 
(FIML  Wald-Q  =  525.386)  : 


0.5482 
0.8631 
-0. 1580 
1.0054 


0.0796 
0.0368 
0.0826 
0.0392 


Bootstrap  Wald-^  =  88.224 
(FIML  Wald-iS  =  80.484) 
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Table  14- -continued 


Notes:   1)  Wald-a  (Wald-^)  is  testing  Hq:  qo(/9o)=0  .  "1  (/^i  )=1  ■ 

2)  The  Bootstrap  averages  are  E(^  )  where  8  \=  [  qq  o^i  Po  Pi  ]■ 

3)  The  Bootstrap  standard  errors  are   [  T.ie*  -  9)'^/100  ]'^. 

Equations:  P|  =  qq  +  ai^i  +  u, 
Q,  =  ;9o  +  /3iM,  +  V, 
A,  =  /J,  +  e, 

where  /ii=matheniatical  expectations  of  At,  A,=actual  S&P  Index,  P,=Livingston 
survey  forecasts,  and  Q,=futures  market  forecasts.  All  the  other 
parameters  are  listed  in  the  section  3.3. 

*:   significant  at  p=0.05 
**:   significant  at  p=0.01 


Table  15 

BOOTSTRAP  Estimates:   Foreign  Exchange  Rates 


FIML  (MM) 
Estimates 


FIML 
Std  Error 


Bootstrap 
Average 


Bootstrap 
Std  Error 


Deutsche -Mark 

OQ  -0.0531  0.0286 

ai  1.0141  0.0133 

fi^,  0.0134  0.0262 

Pi  0.9843  0.0122 

Bootstrap  Wald-a  =  19.335*' 
(FIML  Wald-Q  =  16.669) 


•0.0525 
1.0136 
0.0147 
0.9836 


0.0244 
0.0113 
0.0224 
0.0104 


Bootstrap  Wald-^  =  14.242 
(FIML  Wald-/3  =  14.354) 


British  Pound 

ao  -0.1686  0.0365 

oi  1.1027  0.0229 

/3o  -0.1033  0.0345 

Pl  1.0582  0.0216 

Bootstrap  Wald-a  =  25.505** 
(FIML  Wald-Q  =  22.197) 


-0. 1724 
1. 1053 

-0. 1073 
1.0609 


0.0368 
0.0231 
0.0343 
0.0216 


Bootstrap  Wald-/3  =  18.404* 
(FIML  Wald-/3  =  15.648) 


Table  15 -- continued 


FIML  (MM) 
Estimates 


FIML 
Std  Error 


Bootstrap 
Average 


Bootstrap 
Std  Error 


Swiss  Franc 

^  .  -  \  1:  ■ 
fix  ' 


-0.0419 

1.0731 
-0.0282 
1.0458 


0.0101 
0.0166 
0.0099 
0.0163 


Bootstrap  Wald-a  =  26.957 
(FIML  Wald-Q  =  20.848) 


-0.0409 
1.0713 

-0.0268 
1.0432 


0.0093 
0.0153 
0.0093 
0.0152 


Bootstrap  Wald-/3  =  10.654 
(FIML  Wald-;3  =  8.0991) 


Japanese  Yen 

QO  -0.0376  0.0088 

ai  1.0572  0.0132 

/3o  -0.0293  0.0114 

^1  1.0363  0.0172 

Bootstrap  Wald-a  =  19.08l" 
(FIML  Wald-a  =  18.747) 


-0.0389 
1.0589 

-0.0308 
1.0387 


0.0087 
0.0130 
0.0111 
0.0163 


Bootstrap  Wald-y3  =  12.499 
(FIML  Wald-/3  =  10.895) 


Table  15- -continued 


Notes:    1)  Wald-a  (Wald-;9)   is  testing  Hq  :  ^qo(A))=0  ,  a,  (/3|  )=1 . 

2)  The  Bootstrap  averages  are  E(9  )  where  6  \=  [  oq  Qi  /9o  y^i  ]. 

3)  The  Bootstrap  standard  errors  are   [  ^(6* -9y/lOO  ]'^. 


Equations:     Pj  =  qq  +  aiMt  + 

Q,  =  ^0  +  /SlMt  +  V, 
A,  =       +  e, 

where  /i,=mathematical  expectations  of  A,,  A,=actual  exchange  rates  (spot 
rates),  P,=MMS  survey  forecasts,  and  Q,=forward  market  forecasts.  All  the 
other  parameters  are  listed  in  the  section  3.3. 

*:   significant  at  p=0.05  ■  • 

**:   significant  at  p=0.01 
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for  standard  errors.  This  implies  that  the  effects  of  the  failure  of  the 
normality  assumption  on  the  standard  error  estimates  are  not  significant 
and  the  FIML  results  are  quite  stable.  The  Wald  statistics  re -computed 
from  the  Bootstrap  standard  errors  are  also  very  close  to  those  from  the 
FIML  estimates  which  are  given  in  parentheses  in  Table  13  -  Table  15.  The 
rational  expectations  hypothesis  is  not  accepted  in  any  prediction  series 
with  the  new  Wald  statistics.  It  is  validated  by  the  Bootstrap  estimation 
that  the  rejection  of  the  rational  expectations  hypothesis  is  not  due  to 
the  distributional  assumptions  on  error  structure. 


CHAPTER  6 


CONCLUSIONS 


In  Chapter  2,  the  condition  on  which  economic  agents'  optimal 
predictions  will  be  rational  is  derived.  If  the  expected  marginal  utility 
losses  of  underprediction  and  overprediction  are  equal  at  the  rational  (or 
unbiased)  predictions,  the  optimal  expectations  will  be  identical  to  the 
rational  expectations.  ■ 

In  Chapter  5,  the  condition  is  tested  by  the  method  developed  in 
Chapter  4,  the  Latent  Variables  method.  The  essential  merit  of  this  new 
test  procedure  is  that  it  gives  consistent  estimators  even  in  the  presence 
of  measurement  errors.  Since  the  existing  empirical  evidence  has  been 
strongly  suspected  to  be  contaminated  by  measurement  errors,  this  new  test 
procedure  is  expected  to  improve  the  understandings  on  the  validity  of  the 
hypothesis  of  the  rational  expectations.     /■  '.  '       ^  ' 

The  empirical  results  from  the  applications  of  the  Latent  Variables 
method  to  various  financial  market  data  does  not  disprove  the  existence 
of  optimal  forecasting  biases.  The  hypothesis  of  the  rational 
expectations  is  consistently  rejected  with  the  new  test  method.  It  is 
also  found  that  measurement  errors  in  observed  forecasts  overstate  the 
significance  of  the  existence  of  optimal  forecasting  biases  although  the 
biases  are  not  fully  caused  by  measurement  errors. 
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n 

The  Bootstrap  resampling  method  has  been  applied  to  examine  the 
validity  of  the  distributional  assumption  made  in  the  latent  variables 
method.  The  results  from  the  Bootstrap  estimation  implies  that  the 
rejection  of  the  rationality  hypothesis  is  robust  regardless  of 
distributional  assumptions. 


APPENDIX 

DERIVATION  OF  LIKELIHOOD  FUNCTION 

To  derive  a  likelihood  function  for  a  system  of  equations,  the 
variables  in  the  system  are  combined  into  a  single  vector.  In  the 
equations  (4 . 15) - (4 . 17)  ,  let  Z|=[P,  Q,  A,  ]'.  Under  the  normality  assumption, 
the  likelihood  function  is  .  .  i 

n 

L(^)  =  (27r)-^"^   \Q(0)\-"^  exp[-(l/2)     S  ( Z,  -  EZ)  '  O"' (  ^  )  ( Z,  -  EZ)  ]  (A.I) 
...  t-1         ■  ■ 

where  Q  stands  for  the  covariance  matrix  of  Z, ,   EZ  is  the  population  mean 
of  Zi,    6   is  the  parameter  vector  and  n  is  the  number  of  observations. 
The  log  of  the  likelihood  function  is 

log  L(e)  =  constant  -   (n/2)  log|U(^)| 

-  (1/2)  S  (Z|-EZ) 'fi"'(e)  (Z,-EZ) 

=  constant  -   (n/2)  log|Q(e)l 

-  (1/2)  E   [    (Z,-Z) 'Q"'(5)  (Z,-Z)   +   (Z-EZ) 'Q  '(^)  (Z-EZ)  ] 

where  Z  is  the  sample  mean  of  Zt .     Since  a  scalar  is  equal  to  its  trace, 
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log  L(^)  =  constant  -   (n/2)  log|n(e)| 

-  (1/2)  Z  tr  [(Z,-Z)'n-\^)(Z,-Z)] 

-  (n/2)   (Z-EZ) 'Q'^(e)  (Z-EZ) 


Using  a  property  of  trace  manipulations, 

log  L(^)  =  constant  -   (n/2)  log|n(^)| 

-  (n/2)  S  tr  [n"'(Z,-Z)  (Z,-Z) 'n-'(^)  ] 

-  (n/2)   (Z-EZ) 'Q"'(^)  (Z-EZ) 

By  defining  S  =  (1/n)  S  (ZfZ)  (ZfZ) '  ,    '  .       •  ' 

log  L(^)  =  constant  -   (n/2)  log|n(5)|    -   (n/2)  S  tr  [S  Q-'(^)] 

-  (n/2)   (Z-EZ) 'f2"'(«)  (Z-EZ)  (A. 2) 

The  likelihood  function  (A. 2)  is  maximized  for  6.  Since  it  is  clear  that 
the  maximum  likelihood  estimator  of  EZ  is  Z,  the  last  term  on  the  right 
side  of  (A. 2)  can  be  reduced  to  zero  by  replacing  EZ  by  Z. 
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